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General Introduction

Based on: 
Formisano, E., De Martino, F., Valente, G. (2007). Multivariate analysis of fMRI time series: clas-
sification and regression of brain responses using Machine Learning. Magnetic Resonance Imag-
ing (In Press).
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A wide range of multivariate statistical methods are being increasingly ap-
plied to the analysis of functional magnetic resonance imaging (fMRI) time series. 
These methodological developments are providing cognitive neuroscientists with 
the opportunity of tackling new research questions that are relevant for our un-
derstanding of the functional organization of the brain and that can often not be 
addressed using the widely employed univariate statistical methods. In this latter 
approach, a spatially invariant model of the expected blood oxygenation level 
dependent (BOLD) response is fitted independently at each voxel’s time course 
and the differences between estimated activation levels during two or more ex-
perimental conditions are tested (Friston et al., 1995). Together with methods 
for mitigating the problem of performing a large number of tests, this massively 
univariate analysis produces statistical maps of response differences, highlight-
ing brain locations that are ‘selective’ or ‘specialized’ for a certain stimulus di-
mension, i.e. voxels or regions of interest (ROIs) that respond more vigorously 
to a sensory, motor or cognitive stimulus compared to one or more appropriate 
control conditions (Friston et al., 1995).  This analytical strategy focuses on the 
mapping of a ‘stimulus – single location response’ type of relation; however, it 
allows studying neither the stimulus (in-) dependent interactions between loca-
tions (functional and effective connectivity, see Friston et al., 1994) nor the effects 
which are reflected in analytical strategies focusing on a ‘stimulus – multiple loca-
tions response’ type of relation. 

Independent component analysis 
Complementary to classical inferential analysis, ‘massively multivariate’ 

methods provide a characterization of the data, which does not rely on the statis-
tical testing of a few stringent hypotheses and generate potentially valuable infor-
mation on the nature of signal and noise in the fMRI time series. In some cases, 
however, the amount of information generated by these exploratory methods may 
be overwhelming and not easily interpretable. 

When using spatial Independent Component Analysis (ICA), for example, 
fMRI time series are decomposed ‘blindly’ into a large number (up to the number 
of scans) of spatial modes (independent components, [ICs]), with associated time 
courses (McKeown et al., 1998). These components reflect networks of ‘function-
ally connected’ (Friston et al., 1994, McKeown et al., 1998, Calhoun et al., 2001, 
Beckmann et al., 2004, Formisano et al., 2004, Smolders et al., 2007) brain ar-
eas. However, the order of extraction of ICs does not reflect stimulus specificity 
or neurophysiological relevance. 
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In chapter 1 of this thesis the issue of selecting ‘interesting’ and ‘meaning-
ful’ independent components extracted from fMRI time series is addressed intro-
ducing the independent component fingerprint and applying pattern recognition 
methods to the classification of ICs. 

In chapter 2 the application of the classification of ICs based on their finger-
print is shown in the context of focal epilepsy and the results of the selection of 
‘interesting’ ICs are compared with conventional spike-related regression analy-
sis. 

Classification and regression of fMRI responses
Whereas a variety of methods for the investigation of functional (Friston et 

al., 1994, McKeown et al., 1998, Calhoun et al., 2001, Beckmann et al., 2004, 
Formisano et al., 2004, Smolders et al., 2007) and effective (e.g. McIntosh et 
al., 1994, Friston et al., 2003, Roebroeck et al., 2005) connectivity have gained 
a conspicuous tradition in functional neuroimaging, only recently have methods 
been proposed for analysing the relation between a stimulus and the responses 
simultaneously measured at many locations (spatial response patterns or multi-
voxel response patterns). 

This approach, which has been named multivoxel pattern analysis (MVPA, 
Norman et al., 2006) or more evocatively ‘brain reading’ (see below), was initiated 
with a landmark fMRI study of the object-vision pathway (Haxby et al., 2001). In 
this study, Haxby and colleagues demonstrated that spatial (multi-voxel) patterns 
of BOLD responses evoked by a visual stimulus are informative with respect to 
the perceptual or cognitive state of a subject. Participants were presented with 
various visual stimuli from different object categories (including faces, chairs, 
bottles); measured data were split in half and the spatial patterns of responses 
in the ventrotemporal cortex (the visual ‘what’ stream) were estimated for each 
category and for each half of the data. By comparing the spatial correlation be-
tween all patterns obtained from the first half of the data with those obtained from 
the second half of the data, Haxby and colleagues demonstrated that perceiving 
each object category was associated with a distinct spatial pattern of responses, 
and thus that these patterns could be used to ‘decode’ the perceptual or cognitive 
state of the subjects. These results did not change when the same analysis was 
performed after excluding the regions of maximal responses (e.g. after excluding 
the BOLD signals in the fusiform face area for the ‘face’ category). Importantly, 
these findings show that, information on the perceived ‘object category’ is en-
tailed not only in the maximally responsive regions, but also in spatially wide and 
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distributed pattern of non maximal responses in the entire ventrotemporal cortex. 
Note that information in these latter responses is ignored in the conventional, 
subtraction based approach that is aimed at detecting voxel-by-voxel statistically 
significant activation level differences and thus only looks at the ‘tip of the iceberg’ 
of the overall information content carried by the measured response patterns.

Following the study by Haxby et al. (2001) several other groups examined, 
with increased methodological sophistication, the relation between sensory or 
cognitive stimuli and the spatial patterns of the measured response, and obtained 
remarkable results (Haynes et al., 2005, Kamitani et al., 2005, Cox et al., 2003, 
Mitchell et al., 2004, Mourao-Miranda et al., 2005, Mourao-Miranda et al., 2006, 
LaConte et al., 2005, Kriegeskorte et al., 2006). The methods employed derive 
mostly from statistical pattern recognition and machine learning and range from 
linear discriminant analysis (Haynes et al., 2005, Kriegeskorte et al., 2006), linear 
(Kamitani et al., 2005, Mourao-Miranda et al., 2005, Mourao-Miranda et al., 2006, 
LaConte et al., 2005)  and non-linear (Cox et al., 2003) support vector machine 
(SVM) and Gaussian naïve Bayes (GNB) classifiers (Mitchell et al., 2004). 

A major advantage of these methods compared to the conventional univari-
ate statistical analysis is their increased sensitivity in discriminating perceptual 
and cognitive states. Statistical pattern recognition exploits and integrates the 
information available at many spatial locations, thus allowing the detection of 
perceptual and cognitive differences that may produce only weak single-voxel 
effects. This integration of information across multiple locations may range from 
considering only a small neighbourhood of adjacent spatial locations (locally mul-
tivariate analysis, see e.g. Kriegeskorte et al., 2006) to jointly considering spa-
tially remote regions or even voxels across the whole brain. Note that this inte-
gration of information is substantially different from spatial smoothing, commonly 
used in fMRI analysis. Spatial smoothing, indeed, increases sensitivity only when 
two conditions differ in terms of their regional mean activation levels. In these 
cases, the signal differences in the local neighbourhood of a position of interest 
are all (ideal case) in the same direction and are enhanced by spatial averaging. 
Conversely, if two conditions differ in terms of their fine-grained spatial activation 
patterns, spatial smoothing has a destructive effect and cancels out the discrimi-
native information, which can be detected by pattern recognition methods. 

The application of pattern recognition algorithms to the analysis of fMRI 
data has focused mainly on detecting brain areas that could reliably detect the 
presented stimulus as belonging to one of several classes (classification). Only 
recently (PBAIC 2006 competition), machine learning has been applied to the 
learning and prediction of a functional relationship between brain response pat-
terns and a perceptual, cognitive or behavioural state of a subject that can be 
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expressed in terms of a continuous label (machine learning based regression).  In 
what follows a joint formulation of the problems of classification and regression of 
fMRI responses is given and the general framework for the application of pattern 
recognition algorithms to the analysis of fMRI data is introduced. 

Problem formulation
Consider D, D’ as two data sets from a generic fMRI experiment, and t, t’ 

as the labels that describe the sensory, motor or cognitive stimulation associated 
with D and D’ respectively. Pattern analysis algorithms aim at “learning” a func-
tional relationship between data D (training dataset) and label t in order to predict 
the unseen labels t’ from the new dataset D’ (test dataset). During this predic-
tion, the algorithm blindly decodes the brain activation D’ into the corresponding 
stimulus condition or cognitive state of the subject (as described by the prediction 
tlt ), hence the definition of ‘brain reading’. 

More formally, the problem that pattern analysis algorithms try to solve can 
be described as the learning of a function:

                                                                                                         (1)
where θ denotes the set of adjustable model parameters that may be estimated 
during the training phase. The estimated function can be used on a new dataset 
to predict unseen labels:

                                                                                                         (2) 
where tlt  denotes an estimate of the labels t’. Labels may assume discrete val-
ues and describe the stimulus or (assigned) subject’s cognitive state during the 
acquisition of a set of images; for instance in an experiment with two conditions 
(blocked or event-related design), labels will be 1ti=+   for all images collected 
under condition 1 and 1ti=-  for all images collected under condition 2. As de-
scribed in chapters 1-4, this prediction problem is referred to as ‘classification’. 
In other cases, the stimulus or subject assigned state may be described using 
labels with continuous values. As described in chapter 5, the prediction problem 
is then referred to as ‘regression’.

Figure 1 summarizes in a block diagram the steps that are generally per-
formed in applying pattern recognition algorithms in fMRI. In the training phase 
the raw fMRI data are preprocessed in order to reduce the effects of noise. This 
step can be usually performed with well-known functional neuroimaging analysis 
software tools (e.g. AFNI, BrainVoyager, FSL, SPM). Prior to model training, the 
second step, is the selection of relevant features from the data. This step aims 
at reducing the complexity of the dataset and increasing the capabilities of the 
prediction scheme. During model training, several processing and feature extrac-
tion/selection cycles may be explored; the learning phase is therefore depicted 
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with feedback, indicating that pre-processing, feature extraction and model esti-
mation cannot be regarded as completely separated parts of the training phase). 
Once the training phase is completed, a set of pre-processing parameters, a 
set of features and a set of model parameters is available, and the prediction is 
performed using the trained model on a new dataset after preprocessing with the 
same parameters as used for the training data . 

Performance metrics, cross-validation and model selection
Together with the model (1), a suitable performance metric has to be defined. 

This performance indicates how good the classification/regression is, and it can 
be expressed as an error (or loss) function f . In very general words, the aim of 
a prediction algorithm is to learn a model on the training dataset D that gives the 
minimum error on an unseen dataset test D’. The learning algorithm, thus, does 
not focus on finding the best model explaining the training data set D, but on mod-

Figure 1. Main steps of a generic pattern recognition algorithm as used in fMRI data analysis. In the training phase 
(left) the raw fMRI data are preprocessed and relevant features are selected from the data prior to model training. 
Prediction (right) is performed using the trained model on a new dataset, after this latter has been preprocessed in 
the same way and reduced to same features as in the training.

Introduction

els exhibiting the best generalization performance. Several models and several 
performance metrics can be introduced to perform this operation (Duda et. al., 
2001), some of which will be presented in the following chapters.
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There are several ways to find suitable values for the model parameters, 
given the training dataset. One of the most employed approaches is to split the 
training dataset in two disjoint parts. One of the two is used as the traditional 
training set, while the other is used as a validation dataset, to evaluate the gener-
alization error. Sometimes the dataset is divided into m disjoint parts and a model 
is trained m times, each time leaving a part as a validation set. The estimated 
performance is then defined as the mean of the errors of the models on the differ-
ent datasets (m-fold cross-validation) (Duda et. al., 2001). 

Bayesian methods usually do not require cross-validation to compare dif-
ferent model parameter choices (although sometimes it is also used in Baye-
sian frameworks for model selection, see Rasmussen et. al., 2006). In Bayesian 
analysis, model comparison involves the use of probabilities of the choice of a 
suitable model (Duda et. al., 2001, Bishop 2006). Given a set of models 1...,i L=   
that we wish to compare using the observed data D then it is possible to compare 
these models by means of their posterior distribution:

                                                                                                         (3)

where the data-dependent term ( )DP Mi , also known as model evidence, can be 
seen as a likelihood function over the models space and ( )P Mi  denotes the prior 
probability of the model. The normalizing factor DP ( ) can be discarded while 
comparing models. Once the posterior probability in (3) has been estimated, it 
can be used in two ways: 1) considering a linear combination of all the models, 
weighted by their probability (mixture distribution); 2) performing model selection, 
that is selecting the most probable model, given the data.

Chapter 3 addresses the relevant issue of voxel selection for the application 
of pattern recognition algorithms to fMRI data.  Recursive Feature Elimination 
(RFE) is introduced for the selection of discriminative fMRI patterns and com-
pared to previously applied feature selection strategies. This approach, starting 
from the whole brain, allows to iteratively refine and ‘map’ the most discriminative 
patterns. Chapter 4 describes the application of RFE in the context of an event-
related auditory fMRI experiment aimed at deciphering activation patterns evoked 
by speech sounds into their content (vowels) or into the identity of the speaker.

In chapter 5, multivariate regression using pattern recognition algorithms 
is applied to the investigation of the coupling between electroencephalography 
(EEG) power modulations and fMRI BOLD signal. Regularized learning schemes 
are used to predict EEG power oscillations using patterns of simultaneously ac-
quired fMRI data, and are compared to existing methods.

Introduction
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Classification of  fMRI independent 
components fingerprints. 1

We present a general method for the classification of Independent Compo-
nents (ICs) extracted from functional MRI (fMRI) data sets. The method con-
sists of two steps. In the first step, each fMRI-IC is associated with an IC-fin-
gerprint, i.e. a representation of the component in a multidimensonal space 
of parameters. These parameters are post-hoc estimates of global properties 
of the ICs and are largely independent of a specific experimental design and 
stimulus timing. In the second step a machine learning algorithm automatically 
separates the IC-fingerprints into six general classes after preliminary training 
performed on a small subset of expert-labeled components. 
We illustrate this approach in a multi subject fMRI study employing visual 
structure-from-motion stimuli encoding faces and control random shapes. We 
show that: 1) IC-fingerprints are a valuable tool for the inspection, characteri-
zation and selection of fMRI-ICs and 2) automatic classifications of fMRI-ICs 
in new subjects present a high correspondence with those obtained by expert 
visual inspection of the components.
Importantly, our classification procedure highlights several neurophysiologi-
cally interesting processes. The most intriguing of which is reflected, with high 
intra- and inter-subject reproducibility, in one IC exhibiting a transiently task-
related activation in the ‘face’ region of the primary sensorimotor cortex. This 
suggests that in addition to or as part of the mirror system, somatotopic re-
gions of the sensorimotor cortex are involved in disambiguating the perception 
of a moving body part. 
Finally, we show that the same classification algorithm can be successfully 
applied, without re-training, to fMRI collected using acquisition parameters, 
stimulation modality and timing considerably different from those used for 
training. 

Based on: 
De Martino, F., Gentile, F., Esposito, F., Balsi, M., Di Salle, F., Goebel, R., Formisano, E. (2006). 
Classification of fMRI independent components using IC-fingerprints and support vector machine 
classifiers. NeuroImage;34(1):177– 94.
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Introduction 
Non-inferential or exploratory multivariate methods are being increasingly 

used in fMRI data analysis. These methods provide a characterization of the 
data, which does not rely on the statistical testing of a few stringent hypotheses 
and generate potentially valuable information on the nature of signal and noise in 
the fMRI time series. The value of such information consists in being complemen-
tary to that of statistical inferential maps. In some cases, however, the amount of 
information generated by these exploratory methods may be overwhelming and 
not easily interpretable. 

In spatial Independent Component Analysis (ICA), for example, fMRI time 
series are decomposed into a large number (up to the number of scans) of spa-
tial modes (independent components, [ICs]), with associated time courses (McK-
eown et. al., 1998). In most cases, some of these components reflect interesting 
spatiotemporal patterns of stimulus-induced or spontaneous brain activity; other 
components reflect signal artifacts or noise (McKeown et. al., 2003). The basic 
assumption in spatial ICA is that fMRI time series can be modelled as linear mix-
tures of latent sources, which can be blindly recovered under the constraint that 
their spatial distributions are mutually statistically independent. Several recent 
methodological and applied contributions indicate that this approach outperforms 
Principal Component Analysis (PCA) and can be a useful complement to stand-
ard hypothesis-driven univariate analysis (McKeown et. al., 1998). In contrast to 
PCA, however, in which extracted components are naturally ordered according 
to explained variance, ICA does not provide any intrinsic order of the ICs. The 
experimenter is thus confronted with the problem of selecting and interpreting a 
subset of ‘interesting’ and ‘meaningful’ components. 

In previous fMRI applications of ICA, selection of interesting components 
has been performed using various approaches. The simplest approach relies on 
the visual inspection of IC- spatial maps/time courses (Bartels et. al., 2005, Cal-
houn et. al., 2001). Selection of ICs based on their visual inspection, however, is 
very time consuming and highly dependent on the experience of the researcher. 
In most cases, ICs have been selected according to the amount of linear correla-
tion of their time course with a model of the expected responses (McKeown et. 
al., 1998, Schmithorst et. al., 2004, Moritz et. al., 2005) or related measures in the 
temporal frequency domain (Moritz et. al., 2003). These approaches, however, 
appear to contrast with the data-driven nature of ICA. As an explorative tool, 
ICA may be particularly useful for detecting patterns of activity whose temporal 
dynamics cannot be easily modelled, such as in the case of hallucinations (van 
de Ven et. al., 2005), epileptic seizures or in sensory or cognitive paradigms in 
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which expected hemodynamic responses may be very diverse (Duann et. al., 
2002, Formisano et. al., 2004, Castelo-Branco et. al., 2002). Furthermore, ICA is 
being increasingly used for the study of ‘resting state’ functional connectivity (van 
de Ven et. al., 2004, Greicius et. al., 2003; 2004) or as a de-noising step, which 
requires the selection of components reflecting noise and artifacts (Thomas et. 
al., 2002). In all these cases, selection of ICs based on strong expectations on 
the profile of the IC-time courses is insufficient.

Alternatively, selection of ICs has been performed using strong a priori as-
sumptions on the spatial layout of the activation (Castelo-Branco et. al., 2002; 
van de Ven et. al., 2004). In this approach, distributed brain networks are de-
tected by selecting ICA components that load heavily in pre-defined regions of 
interest (ROIs). A priori expectation on one or more ROIs, however, is not always 
available and, as in ROI-based univariate analysis, interesting processes occur-
ring outside the pre-defined ROIs are ignored.

Other post-hoc measures obtained from estimated ICs have been used for 
their sorting/selection. In analogy to PCA, McKeown et. al. (1998) sorted the ICs 
according to their variance contribution to the original mixture. In fMRI data, how-
ever, neurophysiologically interesting phenomena are usually weaker than some 
of the sources representing structured noise. Thus, ranking of the ICs in this way 
may be not informative. Formisano et. al. (2002) characterized the ICs using a 
combination of three descriptive measures (kurtosis of the spatial distribution, 
one-lag autocorrelation of the IC-time course and clustering of the IC’s spatial 
layout). The underlying idea was that ‘meaningful’ components aggregate in clus-
tered regions in the three-dimensional space defined by these three measures. 
This heuristic criterion proved to be effective in isolating task-related components 
in a simple paradigm without using stimulus timing information. 

In this chapter we introduce the IC-fingerprint, a visual tool that aids the ex-
perimenter in displaying and characterizing the ICs. An IC-fingerprint is a repre-
sentation of the component in a multidimensional space of descriptive measures, 
which can be visualized as a polar diagram. In line with Formisano et. al. (2002), 
the underlying assumption is that ICs reflecting similar process types (e.g. BOLD 
activation, structured noise, movement) have similar fingerprints. To preserve 
the data-driven nature of ICA and the generality of the approach, the descriptive 
measures that define the space of the fingerprints are post hoc estimates of glo-
bal properties of the ICs and do not rely on strong temporal or spatial hypotheses. 
The combination of ICA decomposition and IC-fingeprint characterization can be 
seen as “feature extraction steps” in the context of pattern recognition analysis 
(see figure 1 Introduction).

Furthermore we formulate the problem of selecting ‘meaningful’ components 
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in the more general context of their (automatic) classification. After transform-
ing the ICs in the multidimensional space of fingerprints, this problem can be 
formulated as subdividing the ICs in maximally disjoint classes and finding the 
optimal separating set of boundaries (hypersurfaces). Many different (supervised 
and unsupervised) algorithms may be used for this purpose (see Mitchell, 1997). 
Here, we describe and validate a supervised method for the classification of the 
ICs based on least squares Support Vector Machines (ls-SVMs). SVMs refer to 
a class of machine learning algorithms introduced by Vapnik at the end of the 
70s (Vapnik, 1979). Ls-SVMs are a variant of SVM which have been proved to 
be effective in many problems of classification and pattern recognition (Suykens 
et. al., 2002). 

We illustrate our approach in the context of a multisubject fMRI study with 
visual structure-from-motion (SFM) stimuli (Kriegeskorte et. al., 2003). We show 
that the set of measures that defines the IC-fingerprints is informative with re-
spect to the problem of selecting and classifying fMRI-ICs and allows a reliable 
detection of interesting activation patterns. Furthermore, we show that an ls-SVM 
classifier, which is trained with a small subset of data from one subject, can au-
tomatically classify these fMRI-ICs in all other subjects with high correspondence 
to an expert classification. Finally, we show that the same classification algorithm 
can be successfully applied, without re-training, to fMRI collected using magnetic 
field, acquisition parameters, stimulation modality (auditory vs visual) and timing 
(event-related vs block design) considerably different from the SFM experiment 
used for training. 

Methods

General description of the approach
Figure 1 illustrates schematically the proposed approach. Individual fMRI 

time series are decomposed using spatial ICA in sets of ICs (see ICA decom-
position). Obtained ICs are ‘transformed’ in a multidimensional space using a 
number of descriptive parameters (eleven in the current implementation). These 
parameters are computed from spatial distributions, spatial maps and time cours-
es of ICs and characterize the global statistical and spatio-temporal nature of the 
sources (see Characterization of the ICs in a multidimensional space). We define 
IC-fingerprint as the representation of an IC in this multidimensional space of 
parameters (Figure 1a).

 In order to classify the ICs, two steps are required (Figure 1b). The first 
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Figure 1: General description of the approach for the characterization and classification of 
fMRI-ICs; a) Independent Component Analysis of fMRI data and representation of the ICs in a 
multi dimensional space of fingerprints (see also Figure 2). b) Classification of IC-fingerprints 
by an ls-SVM based algorithm. The algorithm is trained on a small subset of data labeled by an 
expert. c) Proportion of data which has been used for training (red, 1/14) and testing (blue, 
13/14) the classifier presented in this chapter.

step consists in training the SVM classifier(s) using a limited subset of IC-finger-
prints (typically the subset of ICs corresponding to an individual single run time 
series). This step requires expert user’s intervention and supervision in labelling 
the ICs (see Supervised training). The second step operates fully automatically 
and consists in classifying all other components using the trained classifier(s) 
(see Automatic classification of ICs). Figure 1c visualizes, for the application pre-
sented in this article, the proportion of data which has been used for training (red) 
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and testing (blue) of the classification procedure. 

ICA decomposition
Let X be the T × M (T = number of scans, M = number of time courses) matrix 

of the fMRI time series, S the N × M matrix whose rows Si (i=1,...,N) contain the 
spatial processes (N≤ T = number of processes) and A the T × N mixing matrix 
whose columns Aj (j=1,...,N) contain the time courses of the N processes and is 
assumed to be of full rank. The problem of the ICA-decomposition of fMRI time 
series can be formulated as the estimation of both matrices of the right side of 
the following equation:

    
                         (1)

under the constraint that the processes Si are (in the ideal case) spatially inde-
pendent. No a priori assumption is made about the mixing matrix A, i.e. about the 
time courses of the processes. In this model, all the spatial components, with the 
possible exception of one, are assumed to be non-Gaussian. Structured (non-
Gaussian) artifacts in the data (e.g. head movements, machine and physiologi-
cal artifacts) are not explicitly modelled, but instead are treated as independent 
sources and are expected to be represented in one or more of the components.

The amount of statistical dependence within a fixed number of spatial com-
ponents can be quantified by means of their mutual information. Thus, the ICA 
decomposition of X can be defined as a linear transformation:

                             (2)
where the matrix W (the “unmixing” matrix) is determined such that the mutual 
information of the target components Si is minimized. Matrix A can be computed 
as the pseudo-inverse of W. Note that this definition of ICA and Eq. (2) implies 
that ICs are determined up to a permutation, a multiplicative constant and to the 
sign. In the present context, the indeterminacy with respect to the permutation is 
important because it implies that there is no intrinsic ordering of the ICs, which is 
in contrast with PCA. 

We estimated S using cortex based ICA (cb-ICA) (Formisano et. al., 2004) 
as implemented in BrainVoyager 2000 (Brain Innovation, Maastricht, The Neth-
erlands). Cb-ICA uses individual anatomical constraints and a fixed point ICA 
algorithm (FastICA, see Hyvärinen, 1999) and allows an optimized analysis of 
cortical sources. After sphering the matrix X and reduction of the temporal dimen-
sion of the data set with PCA (see below), the hierarchical (deflation) mode of the 
FastICA algorithm was used and the components were estimated one-by-one. 
After the decomposition, voxel values of IC spatial maps were z-transformed and 
colour coded according to the absolute value and sign (McKeown et. al., 1998). 
It should be noted that the z-values do not pertain to any significance statistic, 

X A S:=

S W X:=
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because no comparison is made to a null hypothesis. 

Characterization of the ICs in a multidimensional space
Spatial ICA decompositions of fMRI time series result in sets of ICs, whose 

dimensionality is determined by the number of scans or by the (optional) reduc-
tion of the temporal dimensions with PCA. Conventionally, interpretation of re-
sults requires expert inspection of each IC’s voxel values distribution (histogram) 
(Figure 2a), spatial map (Figure 2b) and time course (Figure 2c). Temporal infor-
mation can be additionally expressed in the frequency domain by computation 
of a power spectrum (Figure 2d). The characterization of ICs which is described 
in this section has the purpose of aiding in this task and to highlight similarities 
among the ICs. 

For each IC, values of eleven descriptive measures were derived from the 
IC’s voxel values distribution (kurtosis, skewness, entropy), spatial layout (de-
gree of clustering in the anatomical space) as well as their temporal (one-lag au-

Figure 2: Characterization of one representative component in terms of its: a) histogram of 
voxel values; b) map layout (projected on the reconstructed cortical surface of the subject); c) 
time course; d) power spectrum; e) IC-fingerprint. Each axis in the polar plot corresponds to 
one of the normalized spatial, temporal or spectral parameters (see Appendix 1 for details).
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tocorrelation, entropy) and spectral (power contribution in five different frequen-
cy-bands) properties. The exact definition of these measures and the rationale 
behind their inclusion are given in Appendix 1. 

We define IC-fingerprint the representation of an IC as a point of the multidi-
mensional (eleven-dimensional) space of parameters. IC-fingerprints are visual-
ized using polar plots with eleven axes, each of them corresponding to one of the 
parameters normalized between 0 and 1 (Figure 2e).

Classification of the ICs with least-squares support vector 
machines

We formulate the problem of classifying fMRI-ICs as the problem of assign-
ing the corresponding ICs-fingerprints to one of C classes of sources. Based on 
previous experience on fMRI-ICA and a preliminary analysis of data presented in 
this article (see results), we consider here six classes of sources (C=6): 1) The 
‘BOLD’ class includes components that are thought to reflect consistently task-
related, transiently task-related and non task-related (e.g. default state) neuronal 
activity; 2) the second class (MOT) includes residual motion artifacts; 3) the third 
class (EPI) includes the typical EPI-susceptibility artifact which is maximal in the 
frontal part of the brain; 4) the fourth class (VESSEL) includes physiological noise 
with highly localized peaks (e.g. large vessels); 5) and 6) the fifth and sixth class 
include noise at high spatial (SDN, spatially distributed noise) or temporal (tHFN, 
temporal high frequency noise) frequency. For visualization, each class is la-
belled with a different color (see Figure 6a for colour definition and representative 
exemplars of each class).

In this article we approach the classification problem using a supervised ma-
chine learning algorithm based on ls-SVMs. A complete mathematical account of 
this approach is beyond the scope of the article. For reader’s convenience, we 
include a brief description of SVM and ls-SVM-based classification in a binary or 
multi-class case. Further mathematical details on SVM and ls-SVM can be found 
in Cristianini and Shawe-Taylor (2000) and Suykens et. al. (2002), respectively. 

Support Vector Machines and least-square Support Vector 
Machines (binary classification).

Let us consider a training set:
                                                                                                         (3)

where fi  is a d-dimensional IC-fingerprint, whose class ci  is known (e.g. defined 
by the user). Let us further suppose that the classes are linearly separable, which 
is equivalent to:

                                                                            (4)

, ; 1,..., ; 1, 1 ;f fc i l ci i i i
d
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where w is the normal to an hyperplane and b the distance of the same hyper-
plane to the origin of the multidimensional space. In linear SVMs the optimal 
boundary between the classes is obtained by finding the hyperplane (defined 
by w and b) that maximizes the distance to the nearest training points of the two 
classes. Such points are referred to as support vectors fSV^ h and lie on the mar-
ginal hyperplanes defined by:

                                                                            (5)
This problem can be formulated as:
                                         min 2

1w w wJ( )
,w b

T=                                 (6)
subject to:

                                 ( ) 1, 1,..., .w fc b i li
T i $+ =                          (7)

Solution is obtained by Lagrangian methods (Cristianini and Shawe-Taylor, 
2000). Classification of new IC-fingerprints fnew  is obtained by evaluating:

                                            wsign f b( ).T new+                                   (8)
For the more general case of non-separable classes (i.e. classes with overlap-

ping distributions) the formulation of the SVM can be modified in order to account 
for misclassification errors introducing additional slack variables 1,..., .i l,ip =     
The optimization problem becomes:

      ( )min J aw w w2
1

, ,b

T
i

i
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w 1
= + p

=
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!                         (9)
subject to:

                 ( ) , ,...,c b i lw f 1 1i
T

i i$+ - =p                     (10)
and:

                           , ,...,i l0 1i$ =p                                 (11)
where a is a positive real constant (Suykens et. al., 2002).  

In the present paper, we use a variant of SVM known as ls-SVMs. In the 
classical SVM formulation Eq. (6-7; 9-11) the optimal boundary between different 
classes is obtained considering only the support vectors. In ls-SVMs each train-
ing point is weighted in order to obtain the distinguishing hyper-surface (hyper-
plane). The optimization problem for the general case of non separable classes 
is defined as:

                                    ( )min J ew w w2
1

, ,b e

T
i

i

l
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2
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!                       (12)
subject to:

                                  ( ) , ,...,c b e i lw f 1 1i
T

i i+ = - =                      (13)
where c is a positive real constant and the set of inequalities defined in Eq. (10) 
is replaced with a set of equalities.

SVMs (and ls-SVMs) have been modified in order to find non-linear division 
boundaries. In this case the data are first projected to some other Euclidean 
space G , using a non linear transformation, which we call {:

                                             : .d
"0{ G

1.w fc bi
T SV+ =^ h
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A linear solution is found in the space G . as in Eq. (6-7; 12-13). This corre-
sponds to finding an optimal hypersurface in the original space such that: 

                                     ( ) 0w fc b i.i
T i 6{ $+_ i                              (14)

Classification of new samples is obtained evaluating:    
                                              ( )wsign f b( ).T new +{                                 (15)

The use of Kernel methods (see Cristianini and Shawe-Taylor, 2000 for de-
tails) allows replacing the function { (used for non-linear extensions) with the 
kernel matrix K. In the present paper we use the Radial Basis Function (RBF) 
kernel whose expression is given by:

                                        ( , )K ef fi j

f f
2

i j
2=

- -

v                                    (16)
where fi  and f j  refer to fingerprint values for two components i and j.

Extension to multi-class classification
As IC-fingerprints are to be assigned to one of six classes (i.e. 

, , , , ,c 1 2 3 4 5 6i! " ,) we considered an extension of ls-SVMs to solve multi-class 
problems. The method we used is a generalization of the one-versus-all approach 
(for a complete review, see Allewein, 2000) and is based on Error Correcting Out-
put Coding (ECOC) (Diettrich and Bakiri, 1995). The method requires the genera-
tion of a binary ( )c q#  matrix (code book) that contains one row (code word) for 
each of the c classes and q bits. To solve the multi class problem a binary ls-SVM 
is trained for each of the q columns of the code book. When a new IC-fingerprint 
is tested a binary word is generated as an output of the q binary classifiers. The 
point is assigned to the class that corresponds to the nearest code word. ECOC 
is based on the concept that redundancy helps correcting errors that may be 
introduced along the information channel on one or more bits (for details, see 
Diettrich and Bakiri, 1995). Results reported in this paper are obtained using c=6 
(number of IC-fingerprint classes) and q=5 (length of the code word).

Supervised training 
For training the SVM-based classifier and optimizing the various parameters 

involved (e.g. σ in Eq. (16)) we employed two sets of data. A first set was gener-
ated by inspecting and separating the ICs obtained from the cb-ICA decomposi-
tion of one run (subject 1, see below) into the six classes of sources. A second 
set was formed with simulated samples of the same six classes. These samples 
were drawn from a multivariate Gaussian distribution, whose mean and standard 
deviation were estimated from the first set. Optimization of parameters and learn-
ing of the distinction between the six ICs classes in the multidimensional space 
(i.e. definition of the separating hypersurfaces) was achieved using a cross-vali-
dation technique (Mitchell, 1997), which involved iterative training on the simu-
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lated data set and evaluation of performances on the real data set. We trained 
R=50 multi-class classifiers in order to take into account the variability introduced 
by the coding scheme. 

Note that the use of simulated data, while introducing an assumption on the 
distribution of the IC-fingerprints, allowed keeping at a minimum the amount of 
real data employed during training (and thus of ICs to be inspected and labelled). 
An alternative approach would be to substitute the simulated data with additional 
real data (e.g. more data from one subject or multiple subjects). 

Automatic classification of ICs
Unclassified IC-fingerprints were processed by each of the R classifiers. The 

final classification of IC-fingerprints was obtained from the outcomes of the R 
classifications following a simple majority rule.

 In order to evaluate the performances of our approach the unclassified 
ICs were also classified by an expert, on the basis of the visual inspection of the 
IC maps, time courses and power spectra (see Figure 2a-d). The ls-SVM based 
classifications were then compared with the expert classifications and true and 
false positive rates were estimated accordingly. 

Furthermore, for comparison purposes, we report the classification perform-
ances obtained with a linear discriminant analysis, using the same training data 
and the same expert-labeled ICs as benchmark. In this analysis, covariance of 
the classes was assumed to be equal and was estimated by pooling the data 
across classes (Duda et. al., 2000).

fMRI data

Visual Structure-From-Motion stimulation (block design)
We tested the proposed approach on data from a block-designed visual ex-

periment using structure from motion (SFM) stimuli (Kriegeskorte et. al., 2003). 
Stimuli were moving dots evoking the percept of faces or complex random shapes. 
The experimental conditions comprised two different types of SFM stimuli with 
the dots either fixed to the surface of the object (classical SFM) or moving on 
it (on-surface SFM). Motion and static control stimuli were also included in the 
stimulation protocol. In total, there were nine random-dot stimulus conditions, 
including moving faces (classical SFM and on-surface SFM); moving random 
shapes (classical SFM and on-surface SFM);  static faces (on-surface SFM); 
static random shapes (on-surface SFM); moving-dot control matched to classi-
cal SFM; moving-dot control matched to on-surface SFM; static-dot control (for a 
complete description of the stimuli see Kriegeskorte et. al., 2003). Each condition 
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appeared twice in each run, except for the two moving dot control conditions, 
each of which appeared only once in each run. There were, thus, 16 stimulation 
periods separated by 17 fixation periods. Because each period had a duration of 
16 sec, an experimental run lasted 8 min. and 48 sec. The condition sequence 
was pseudorandom but symmetrical. 

Seven subjects between 21 and 34 years of age participated in the study 
(average age, 25.3 years). Each of the seven subjects underwent four runs of the 
SFM experiment. Results presented in this article refer to the analysis of the first 
two runs of each subject. Subjects were instructed to continually fixate a central 
cross visible throughout the experiment and to classify each stimulus presented 
as either face or non-face as soon as they could by pressing one of two buttons 
(two-alternative forced choice).

Functional scans consisted of  20 transversal slices  collected at 1.5 T (Mag-
netom Sonata; Siemens, Erlangen, Germany) using a single-shot gradient-echo 
echo-planar imaging sequence (in-plane resolution . . mm3 25 3 25 2

# ; slice thick-
ness 5 mm; gap 0 mm; slice acquisition order interleaved; field-of-view (FOV) 

mm200 200 2
# ; acquisition matrix 64 64# ; time to repeat (TR), 2000 msec; 

time to echo (TE), 60 msec; flip angle (FA), 90°). Each subject underwent a high-
resolution T1-weighted anatomical scan at 1.5 T (Magnetom Sonata, see above), 
using either a three-dimensional magnetization-prepared-rapid acquisition-gradi-
ent-echo sequence lasting 8 min and 34 sec (192 slices; slice thickness 1 mm; 
TR 2000 msec; TE 3.93 msec; FA 15°; FOV mm250 250 2

# ; matrix 256 256#

) or a three-dimensional T1-fast-low-angle shot sequence lasting 16 min and 5 
sec (200 slices; slice thickness 1 mm; TR 30 msec; TE 5 msec; FA 40°; FOV 

mm256 256 2
# ; matrix 256 256# ). 
 The fMRI data sets were subjected to a series of pre-processing op-

erations. (1) Slice-scan-time correction was performed by resampling the time 
courses with linear interpolation such that all voxels in a given volume represent 
the signal at the same point in time. (2) Head movements were detected and 
automatically corrected minimizing the sum of squares of the voxel-wise intensity 
differences between each volume and the first volume of the run. Each volume 
was then resampled in three-dimensional space according to the optimal param-
eters using trilinear interpolation. (3) Temporal high-pass filtering was performed 
to remove temporal drifts of a frequency below three cycles per run (3/528 sec). 
(4) After co-registration to the anatomical images collected in the same session 
the functional volumes were projected into Talairach space.

 After these pre-processing steps, each of the 14 functional time series (7 
subjects, 2 functional runs per subject) was decomposed using cb-ICA, which in-
cluded PCA-based reduction of dimensionality to 60 dimensions (retaining more 
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than 99% of the variance/covariance of the data) and 60 x 14 independent com-
ponents were extracted. Each IC was projected into the space of the eleven pa-
rameters and corresponding IC-fingerprints were obtained as described above. 
ICs from the first functional run of Subject 1 were used for expert labelling (using 
displays as in Figure 2) and for training the classification algorithms. The remain-
ing components were used for testing and validating the automatic classifica-
tion.

Auditory presentation of sentences  (block and event-related 
design) 

To investigate the validity of our approach in an experiment other than the 
SFM data set used for training, we extracted and classified - without re-training 
of the ls-SVM classifier - ICs from two fMRI time series collected using a different 
stimulation modality (auditory presentation of sentences) and different stimula-
tion timing. The two time series are part of the publicly available Functional Im-
aging Analysis Contest (FIAC) 2005 data set (see Poline et. al., 2006 and http://
www.madic.org) and refer to the single-subject data (Subject 3). In particular, we 
considered the first run of the block design and the first run of the event-related 
design. Below an essential description of these data is provided;  details on the 
rationale of the experiment and on acquisition and stimulation procedures can be 
found in Dehaene-Lambertz et. al. (2006, see Experiment II). 

The experiment examined the functional specialization of cortical language 
areas using an adaptation paradigm with spoken sentences and was performed 
in a 3-T whole body system (Brucker, Germany). Functional images comprised 30 
axial slices obtained with a T2-weighted gradient echo, EPI sequence (TR 2.5 s; 
TE, 35 ms; FA 80°; FOV mm192 192# ; 64 64# pixels). Anatomical images were 
obtained using a high resolution ( . . mm1 0 9 1 4# # ), T1-weighted sequence. In 
the block design, 20 seconds blocks of six sentences were presented in which 
either the speaker voice or the linguistic content of the sentences, or both, were 
repeated. Stimulation blocks were followed by 9 seconds ‘silence’ blocks.  In the 
event-related design one sentence was presented every 3333 ms. The same 
conditions as in the block design were presented, but they were defined by the 
transition between two sentences (Dehaene-Lambertz et. al., 2006). 

Following standard preprocessing (see Goebel et. al., 2006 for details), we 
decomposed the data sets using cortex-based ICA, which included PCA-based 
dimensionality reduction to 60 dimensions, and characterized extracted compo-
nents using IC-fingerprints. We then proceeded in classifying the IC-fingerprints 
with the ls-SVM based classifier, which had been trained on the visual SFM ex-
periment as described above.
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Figure 3: Independent components consistently related to the stimulation protocol. Component maps are projected 
on the flattened representation of the subject’s cortex: a) Subject 1 (BS), run 1 (training set); b) Subject 2 (AH), run 
1 (automatic classification). 
Colored-matched inserts show condition-based averages of the IC time courses for the most relevant comparisons. 
Numbering of ICs is based on the order of extraction in the ICA decomposition. CS = central sulcus; IPS = intraparietal 
sulcus; STG = superior temporal gyrus; SMA = supplementary motor area; OTC = occipito-temporal cortex. 
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Figure 4: Other independent components reflecting neurophysiological sources. Component maps are projected on 
the flattened representation of the subject’s cortex; a) Subject 1 (BS), run 1 (training set); b) Subject 2 (AH), run1 
(automatic classification). 
Colored-matched inserts show the IC time courses. Numbering of ICs is based on the order of extraction in the ICA 
decomposition.
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Results 

ICA analysis and characterization of the ICs
Figure 3a, 4a illustrate the results of the ICA decomposition in Subject 1 

(run1) in the visual SFM experiment. Together with IC maps, visualized on the 
flattened representation of the subject’s cortex, and time courses these figures 
include the eleven-dimensional fingerprint of each IC.   

 As expected, a subset of components included ICs that were consist-
ently related to the stimulation protocol (Figure 3a). The spatial maps of these 
components encompassed a widespread set of visual ventral and parietal areas, 
whose activation has been detected with univariate hypothesis-driven analysis 
(Kriegeskorte et. al., 2003).  In particular, ICA decomposition highlighted three 
distinct spatiotemporal patterns reflecting: 1) activation in early visual areas (vio-
let component in Figure 3a); 2) co-activation of ventral visual regions including 
the lateral occipital cortex (LOC) and the fusiform-face area (FFA) and regions 
along the intra-parietal sulcus (IPS) (red component in Figure 3a) and 3) co-
activation in the motion complex hMT+ and temporo-parietal regions (light blue 
in Figure 3a). Condition-based averages of these component time courses re-
flect the different functional role of these networks in the processing of the SFM 
stimuli (see insert in Figure 3a) and highlight a strong selectivity for SFM faces 
compared to SFM control surfaces in the case of the ventro-parietal component 
(see Discussion). A fourth task-related component (green in Figure 3a) reflected 
the activation in the hand region of the central sulcus (CS) during the motor 
response at the beginning of each block. Importantly, IC-fingerprints associated 
to these components showed a high degree of similarity, with a high value of 
degree-of-clustering and temporal autocorrelation. Note also the high contribu-
tion of low and mid frequency range in all these components, with a sharper 
peak for the primary visual component in the range that includes the stimulation 
frequency. 

 Inspection of the ICs with fingerprints most similar to those of stimulus-
related ICs revealed interesting activation patterns in other specific regions or in 
functionally-connected networks. Although the time courses of these ICs are not 
(or not consistently) related to the stimulation protocol, their spatial layout togeth-
er with the statistical properties of their histogram and their spectral properties 
are very similar to those of consistently task-related ICs, suggesting a common 
neuronal/BOLD nature of the underlying sources. Figure 4a shows three of such 
ICs, including two segregated fronto-parietal networks (green and brown) and a 
component located in the lower part of the motor cortex bilaterally (light blue). 
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Figure 5: a) Details of the independent components reflect-
ing the response in the ‘face’ (blue) and ‘hand’ (green) sen-
sorimotor cortex along the central sulcus. Components are 
projected on the flattened representation of the left hemi-
sphere of four different subjects; b) average response to 
stimulation conditions involving the perception of faces in 
three distinctive regions.

 Other ICs with comparable fingerprints reflected the typical default-mode 
networks (maps not shown), consistently found in several recent works (Raichle 
et. al., 2001, Greicius et. al., 2003). 

The remaining components reflected the contribution of artifactual sources, 
as it is commonly found in fMRI-ICA decompositions (McKeown et. al., 2003, 
Thomas et. al., 2001). These sources included large vessels, subject’s motion, 
signal changes due to EPI-susceptibility artifacts and noise at high spatial and 
high temporal frequencies. The ICs reflecting the same type of sources were 
associated with similar and distinctive 
fingerprints. Typical samples of these 
ICs and corresponding fingerprints are 
shown in Figure 6a. 

Automatic classification of the 
ICs

Visual structure-from-motion 
stimulation

The analysis of Subject 1 (run 1) 
described above served as the basis 
for generating a training data set. Af-
ter training and optimization of the ls-
SVM classifier, ICs resulting from the 
ICA-decomposition of remaining data 
sets (13 runs, run 2 of subject 1, runs 
1 and 2 of subjects 2-7) were submit-
ted to the classifier and automatically 
labelled.  

In each subject, the automatic 
classification identified as ‘BOLD’ a 
number of ICs ranging from a mini-
mum of eight to a maximum of fifteen. 
In all cases, the class of BOLD ICs 
included the subset of consistently 
task-related components, accounting 
for the activation of early visual areas, 
hMT+, ventral and parietal areas, and 
‘hand’ sensorimotor cortex (see e.g. 
subject 2 in Figure 3b).  The default 
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mode ICs were also consistently included in the BOLD class. Furthermore, in all 
subjects this same class included the fronto-parietal ICs and the IC with local-
ized activity along the CS (see e.g. subject 2 in Figure 4b). To further investigate 
this latter IC we analysed in detail its spatial layout and the time course of activ-
ity around the component peaks (Figure 5). Consistently across subjects, the 
prominent peak of this IC was located in correspondence of the ‘face’ region of 
the primary sensorimotor cortex, located along the CS inferiorly and medially to 
the ‘hand’ sensorimotor region (Lotze et. al., 2000). Condition-based averaging, 
across all subjects, of the time course of activation in the individually ICA-defined 
‘face’ region revealed a transient activation  at the stimulus onset in all conditions 
involving the perception of faces. Activation time courses in the FFA and in the 
‘hand’ M1/S1 are reported for comparison.

 The ls-SVM based algorithm classified accurately most of the artifacts-re-
lated ICs in the data set. The EPI susceptibility artifact was successfully labelled 
in eight out of thirteen runs. The spatio-temporal features for this class were very 

Figure 6: Representative IC-fingerprint of the six classes used in the training.
 a) Fingerprints and transversal slice of each class-representative IC in the training data set. Numbering of ICs is based 
on the order of extraction in the ICA decomposition.
 b) Median (bold line), 5% and 95% quantiles (dashed lines) IC-fingerprints, for each class as obtained in the expert 
(top row) and automatic (bottom row) classification. 
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True positive rate is defined as the ratio between the number of components correctly assigned to a class and the total 
number of components in that class.
False positive rate is defined as the ratio between the components incorrectly assigned to a class and the total number 
of components not belonging to that class.
For comparison, performances of a linear discriminant classifier are reported in parenthesis.

Table 1
Performances of the ls-SVM based classifier on the classification of IC-fingerprints when compared with the expert 
classification

similar to those observed for the class ‘BOLD’ (high degree of clustering and high 
autocorrelation at the first lag) but a much higher power contribution at the lowest 
frequency band was present. The SDN class was consistently characterized by 
a low degree of clustering while resembling the class BOLD in the other param-
eters. The highest degree of similarity was observed between the class VESSEL 
and the class BOLD. The class tHFN was consistently represented across runs 
by a very characteristic fingerprint (high spectral contribution in the highest fre-
quencies, and low kurtosis values). The class that presented the most variable 
fingerprints was the class reflecting residual motion artifacts (MOT).    

 Figures 6b and Table 1 detail the analysis of the performances of the ls-
SVM based classification. We evaluated the correspondence of the classification 
obtained using the SVM based classifier with the expert classification of all ICs. 

Figure 6b shows, for each class, a representative fingerprint obtained by 
connecting the median values along each dimension (bold line). In order to high-
light the within-class range of variability, two additional fingerprints are superim-
posed to each class-representative fingerprint. These fingerprints are obtained 
by connecting the 5% and 95% quantiles along each dimension (dashed lines). 
The bottom row shows the results obtained from the ls-SVM based classifier. 
For comparison, the top row shows the representative fingerprints of the classes 
obtained by expert labelling of ICs, uniquely based on the inspection of IC time 
courses and maps. The high correspondence between the top and bottom row 
fingerprints for the classes BOLD, SDN, tHFN indicates that the ls-SVM classifier 
operates as a human expert for these classes. More discrepancy and variability 
is noticeable for the classes VESSEL, EPI and MOT.

  

BOLD MOT EPI VESSEL SDN tHFN

task 
related

others

true positive 100% 
(100%)

90% 
(84%)

35% 
(48%)

61% 
(82%)

61% 
(60%)

100% 
(83%)

100% 
(74%)

false positive 0% 
(0%)

4% 
(5%)

0% 
(5%)

2% 
(3%)

2% 
(10%)

4% 
(3%)

3% 
(1%)
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A characterization of the performances in terms of true positive and false 
positive rates is presented in Table 1. The automatic classifier reached a 94% 
true positive rate for the class BOLD, signifying that in 94 % of the cases the clas-
sification algorithm and the human expert identically labelled these components. 
Restricting the comparison 
to the task related ICs (i.e. 
to the ICs with a clear inter-
pretation) the overlap be-
tween expert and automat-
ic classification increased 
to 100%. Similarly, a 100% 
true positive rate was 
achieved for the classifica-
tion of ICs in classes SDN 
and tHFN. For the classes 
EPI and VESSEL, the true 
positive rate was 61%. Per-
formances dropped for the 
class MOT (35% true posi-
tive rate).  The false posi-
tive rate, computed as the 
ratio between the ICs in-
correctly assigned to a class and the total number of components not belonging 
to that class. For each class this rate was below 5%.

Table 1 also reports the classification performance obtained using a linear 
discriminant analysis. When compared to the expert classification, also this lin-
ear classification algorithm showed a good correspondence. However, it can be 
noticed that the linear discriminant classifier performed slightly worse than the 
ls-SVM classifier, except for MOTION and EPI classes.

 We further assessed the informative nature of all measures that we in-
cluded in the fingerprints by re-evaluating the performances of the automatic 
classification after removal of each measure. In all cases, removal of individual 
measures decreased the classification performances. Figure 7 reports for each 
of the six classes the percent drop of performances of the reduced classifiers 
with respect to the ls-SVM based classification obtained using all measures. 

Figure 7: Percent loss of performance (in terms of correspondence with the 
expert classification) of the automatic classification after removal of each 
of the parameters forming the fingerprint. Loss values are detailed for all 
six classes and are referred to the performance achieved by the original 
classifier.
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Auditory presentation of sentences
We verified the capability of our approach in identifying ‘meaningful’ compo-

nents in a new experiment by extracting and classifying - without re-training of the 
ls-SVM classifier - ICs from the two fMRI time series of the FIAC data set. 

Figure 8 illustrates the spatial layout and IC-fingerprints of two of the compo-
nents that the classifier identified as ‘BOLD’ for the block (Figure 8a) and for the 
event-related (Figure 8b) time-series. The first component (red colour) reflects 

Figure 8: Task-related ICs and corresponding fingerprints of the time series collected during auditory presentation of 
sentences. ICs were automatically identified by the ls-SVM classifier trained on the SFM data. a) Block design experi-
ment. b) Event related experiment. Red: auditory component; blue: temporo-frontal component. 
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the stimulus-related activation evoked by the auditory presentation in bilateral 
primary and secondary auditory cortical regions. The second component (blue 
colour), which includes a more distributed temporo-frontal network with clusters 
located along the superior temporal sulcus and gyrus (STS/STG) and the inferior 
frontal gyrus, presumably reflects the linguistic processing of  the sentences (see 
also Dehaene-Lambertz et. al., 2006 and Goebel et. al., 2006). Note the visual 
resemblance of the IC-fingerprints obtained in these latter time series with those 
obtained in the SFM data set, despite the considerable differences between the 
two experiments. As in the SFM experiment, other ICs classified as BOLD were 
the default mode ICs (not shown, see Goebel et. al. 2006).  In these classifica-
tions the true positive rate (i.e. the correspondence with the expert classification) 
was on average 95% for the class BOLD (block: 100%, event-related: 90%), 100 
% for the class tHFN, 81% for the class SDN (75%, 88%), 37% for the class VES-
SEL (40%, 33%). No component was classified as MOT or EPI. 

Discussion
This study illustrates a general approach for the characterization and clas-

sification of fMRI independent components. Differently from conventional univari-
ate statistical analyses, in which a small set of predefined hypotheses is tested, 
spatial maps (and associated time courses) obtained in fMRI-ICA are determined 
solely by the intrinsic structure of the data. Such a data-driven analysis provides 
an attractive opportunity for a blind detection of potentially interesting spatio-tem-
poral patterns (such as networks of functionally connected brain regions) and 
structured artifacts. At the same time, the application of ICA to fMRI data analysis 
challenges the experimenter with the problem of selecting a ‘meaningful’ subset 
from the large set of obtained components. Whereas this problem ultimately re-
quires interpretation - grounded in the knowledge of an expert - in the first part 
of this article we show that certain computable properties of the components can 
be utilized to guide the exploration of the fMRI-ICA results. In the second part of 
the article, we show that expert knowledge on fMRI-ICs can be transferred to a 
machine learning algorithm, allowing an accurate and fast automatic classifica-
tion of ‘signal’ and ‘noise’ components.   

 In the analysis of the data used for training, the IC-fingerprint proved to 
be a powerful tool for the inspection of the ICs, independently of the automatic 
classification, Neurophysiologically plausible (BOLD) ICs were characterized by 
a distinctive fingerprint resulting from a high spatial and temporal structure and a 
prominent power contribution in the 0.01-0.1 Hz frequency range. This was not 
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surprising in the case of consistently task-related ICs because of their simple 
relation to the visual stimulation (0.03 Hz) employed in the presented experi-
ments. However, this also held true for other BOLD components which did not 
correlate strongly with the stimulus, such as the fronto-parietal components, the 
‘face’ motor component and the default mode components, which reflected inter-
esting effects not detected in the conventional GLM analysis (Kriegeskorte et. al., 
2003). These observations are in line with recent work suggesting that intrinsic 
neurovascolar oscillations in functionally connected regions are reflected in this 
frequency range (Cordes et. al., 2001, Raichle et. al., 2001, van de Ven et. al., 
2004, Greicius et. al., 2003). Similarly, components reflecting the same type of 
sources resulted in fingerprints with characteristic and recognizable shapes, in-
dicating that visualizing fMRI-ICs using this display is a viable approach for their 
grouping. 

 IC-fingerprints were formed using a set of eleven measures (dimensions). 
These measures were chosen on the basis of previous experience (Formisano 
et. al., 2002) and of theoretical and heuristic considerations on global statistical 
and spatio-temporal properties of the fMRI signal (see Appendix 1). In the fMRI 
data sets we analysed, the selected set of measures proved to be informative 
with respect to the problem of differentiating the various source types. The in-
formative nature of the measures forming the IC-fingerprints is supported not 
only by a qualitative inspection of the fingerprint shapes but also by the results of 
the re-evaluation of the classification performances after removal of each of the 
measures. For each individual measure, the observed drop of performances can 
be taken as an indication of its relevance to the classification problem. 

While showing that the IC-fingerprint representation is of practical relevance 
and utility in the analysis of fMRI data, our work does not allow concluding that the 
proposed representation is  ‘optimal’ in the sense of classification performance. 
IC-fingerprints can be easily extended (and possibly improved) so as to incorpo-
rate a larger set of general features (such as stationary index of the time-series 
or spatial smoothness of the maps).  The inclusion of a new (set of) measures 
requires a new training of the classifier and a new analysis of the classification 
performance.

 The ls-SVM algorithm learned expert knowledge on ICs from a very 
small training data set and was able to generalize this knowledge across runs 
and subjects, even with different order of stimulation conditions. The algorithm 
achieved very high levels of correspondence with the expert in detecting task-re-
lated and other BOLD ICs in general. In each subject, the ICs labelled as ‘BOLD’ 
included expected (i.e. consistently stimulus-related) responses in early visual 
areas, hMT+ and temporal regions, ventral occipito-temporal and inferior parietal 
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regions. Interestingly, this ventro-parietal component indicates co-modulation of 
activity in regions of the ‘what’ and ‘where’ processing streams during the en-
coding of complex surfaces. Unexpectedly, but with high intra- and inter-sub-
ject reproducibility, the ‘BOLD’ class also included two separate ICs consisting of 
two spatially segregated bilateral fronto-parietal networks  and one component  
consisting of the face region of the sensorimotor cortex and adjacent precentral 
sulcus (see Figure 4). Although a conclusive interpretation of these findings is not 
possible without confirmatory experiments, it is interesting to relate these obser-
vations with results from recent neuroscientific literature. 

 The systematic segregation of the clusters in the two fronto-parietal com-
ponents with a high power contribution in the low-frequency bands suggest that 
these set of regions belong to functionally connected networks similar to those 
previously reported in studies of resting state with fMRI (Cordes et. al., 2001, van 
de Ven et. al., 2004, Greicius et. al., 2003, Raichle et. al., 2001), electroencepha-
lography (Tucker et. al., 1986) and direct neuronal recording (Leopold et. al., 
2003). In the present case, however, subjects were involved in a perceptual task 
and thus it cannot be excluded that these ICs reflect neuronal activity with a more 
complex relation to the stimulus (e.g. control or suppression of eye-movements, 
changes in attentional state of the subjects) and which is not captured by the lin-
ear relation of the IC time courses with the stimulation protocol. The interpretation 
of these ICs may be aided, in future studies, by simultaneous collection of ad-
ditional data (e.g. recording of eye movement data and electroencephalographic 
activity). 

 The consistent presence in all subjects of a component with high values 
clustered around the ‘face’ sensorimotor regions suggests a transient involve-
ment of these regions in the SFM perceptual task. At the beginning of each stimu-
lation block, subjects were asked to indicate, by pressing one of two buttons, 
whether the stimulus presented was either a face or a non-face control, as soon 
as enough evidence was extracted from the moving dot stimuli. It is plausible that 
subjects solved such a task by reverting to the use of implicit motor (or somato-
sensory) imagery (Parsons et. al., 1995), i.e. they imagined their face moving (or 
they imagined dots moving on their face) in order to recognize whether the SFM 
stimulus was a moving face or not. Alternatively, this effect may be interpreted 
as an automatic response, generating the interesting hypothesis that, in addi-
tion to or as part of the mirror system, somatotopic regions of the primary motor 
and somatosensory cortex are involved in the recognition of a moving body part 
(Rizzolatti et. al., 2004).  To test these hypotheses and, more in general, to eluci-
date the role of primary sensorimotor regions in the perception, recognition and 
processing of faces, we are currently designing fMRI experiments that exploit 
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parametric manipulations of SFM stimuli.  
This transient activation in the face-motor region was undetected in a con-

ventional GLM analysis, in which stimulus-related BOLD responses were mod-
elled as sustained responses. In general, the use of more flexible models (e.g. 
Fourier basis functions, FIR models) or the explicit inclusion of a transient predic-
tor may also have lead to a similar result. However, relevant differences between 
ICA and GLM-based approaches remain and are to be noted. First, ICA sensi-
tivity is not influenced by the trial-by-trial variability of its time-course, which is 
(conventionally) not modelled in GLM-based approaches (Duann et. al., 2002). 
Second, depending on the correspondence between hemodynamics and models 
employed, GLM sensitivity may be different in different regions of the brain. Third, 
the detection of weak, transient effects with ICA may be favoured by the ‘auto-
matic’ separation from confounds and noise sources, which are not known a priori 
and thus would not be included in the GLM model as confounds.

 Automatic classification was less accurate for some of the artifactual 
classes, especially in the case of residual motion signal effects. The lower per-
formances for these classes are most likely due to the small number of samples 
employed in the training. An additional explanation is that motion-related source 
processes, while being systematically extracted by spatial ICA because of their 
spatial structure (Kochiyama et. al., 2005), are much less stationary in the tempo-
ral domain (see Esposito et. al., 2003). This non-stationary behaviour may reduce 
the effectiveness of the temporal measures and of the proposed representation 
in general. Especially in these cases, the performances of the classifier may be 
enhanced by adding new parameters that take these aspects properly into ac-
counts, the dimensionality of the IC-fingerprints not being a relevant problem.

The classifier trained on the SFM data was able to successfully select ‘mean-
ingful’ components in the block and event-related FIAC data set. Notably, these 
successful selections were obtained without further training and on time series 
collected using a different MR scanner and magnetic field strength (3 vs 1.5 Tes-
la), a different TR (2.5 s vs 2.0 s) and different stimulation timing and modality 
(auditory vs visual) compared to the data used for training. This result suggests 
that the proposed approach can be directly applied to a great variety of datasets. 
More generally, however, it should be considered that larger differences in acqui-
sition parameters (especially TR), in the stimulation timing and/or pre-processing 
choices (e.g. degree of spatial/temporal smoothing) may alter significantly the 
spatiotemporal properties of the fMRI time series, thus affecting significantly the 
shape of the IC-fingerprint and, consequently, the performance of the classifier. 
In such cases, it is necessary to perform a new training of the classifier using the 
strategy described for our training data set. Additional empirical work is ultimately 
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required to examine to what extent and under which circumstances this extra 
training is required.

 When limited to the detection of ‘BOLD’ ICs, our approach leads to a 
major reduction of the number of components to be inspected and interpreted. 
A reduction of the number of ICs can be also achieved by focusing on ICs that 
are most common across the sample subjects, as is the case in recently pro-
posed group-ICA approaches. An important difference, however, is that these 
methods rely on spatial (Calhoun et. al., 2001, Esposito et. al., 2005), temporal 
(Svensen et. al., 2002) or spatiotemporal (Beckmann et. al., 2005) consistency 
across subjects and do not make an explicit distinction between common ‘signal’ 
(e.g. BOLD) and common ‘noise’ (e.g. EPI-susceptibility artifact). Conversely, the 
reduction achieved with the proposed method is at the level of the single-subject 
and allows detection of subject-specific ICs independently of their spatiotemporal 
matching with other subjects and independently of their contribution to the vari-
ance-covariance of the group data set. This may be a very favourable option in, 
e.g., clinical cases (see van de Ven et. al., 2005).  In multi-subject studies, the 
proposed approach can be usefully combined with a recently proposed algorithm 
for grouping ICA components across runs and subjects (Esposito et. al., 2005). 
In fact, a first-level reduction of the whole set of estimated components to the 
class of neurophysiologically ‘meaningful’ components can be used to increase 
the power of the subsequent grouping by reducing the cross-subject interference 
of signal and noise components. 

 A final methodological consideration concerns the fact that IC-fingerprints 
are derived, in the present implementation, by post-hoc measures of the fMRI-
ICs. It may be interesting, in future developments, to tailor fMRI-ICA algorithms 
by including such global expectations on the temporal, spatial and distributional 
properties of the ‘meaningful’ components directly in the principle of estimation 
(Calhoun et. al., 2005) or in the contrast function (Valente et. al., 2005).  This may 
allow increasing the sensitivity of current ICA algorithms in detecting spatiotem-
porally structured fMRI sources and sorting the interesting components during 
the extraction.
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Conclusions
A technique for the automatic classification and the selection of relevant ICA 

components in fMRI data has been presented and validated. Its most important 
feature is that it matches the hallmark of ICA, i.e. blind detection of unexpected, 
yet plausible and interesting, neural (BOLD) activation patterns. The proposed 
solution facilitates the use of ICA for the explorative analysis of complex fMRI 
data sets. In combination with an appropriate choice of specific measures and 
heuristics, a similar approach to the selection of the components could be ex-
tended to other applications of ICA, such as the analysis of electro- and magne-
toencephalography data.
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Appendix 1

Measures derived from IC map values 
Components extracted using commonly-employed ICA algorithms exhibit a 

non-Gaussian (typically super-Gaussian) distribution of voxel values. The inclu-
sion in the IC-fingerprints of measures that estimate sparseness, asymmetry and 
information content (kurtosis, skewness, entropy) of the IC distributions was sug-
gested by previous related work (Formisano et. al., 2002; Suzuki et. al., 2001) 
and by the empirical observation that sources of the same type may exhibit simi-
lar distributions of map values. As these measures do not convey any informa-
tion regarding the spatial structure of obtained maps (i.e. the spatial proximity of 
voxel values is ignored), we also included a measure (degree of clustering) that 
exploits the fact that meaningful processes tend to have a well-defined spatial 
structure (Formisano et. al., 2002). 

Kurtosis is a measure of the sparseness of a distribution; it is zero for Gaus-
sian distributions (Suhir, 1997). For each IC, kurtosis was estimated as:
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where z ,i k  represents the value of the k-th voxel of the i-th component  and N is 
the number of voxels. The normalized vector entering the fingerprints was ob-
tained by linear scaling transform of ( )ln kurt .

Skewness is a measure of the asymmetry of the distribution; it is zero for 
Gaussian distributions (Suhir, 1997) and has been used for tailoring ICA decom-
positions in fMRI (Suzuki et. al., 2001). For each IC (after mean removal and 
variance normalization), skewness was estimated as: 
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where z ,i k  represents the value of the k-th voxel of the i-th component and N is the 
number of voxels. The normalized vector entering the fingerprints was obtained 
by linear scaling transform of ( )ln skew . 

Spatial entropy is a measure of the information content of a spatial distribu-
tion. Information content (and thus spatial entropy) is expected to be higher for 
components with widely distributed values compared to components with a nar-
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row distribution. For each IC, spatial entropy was estimated as: 
                   
                                        ( ) ( ( ))logH hs b hs bi i i
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where hsi  represents voxel values histogram of the i-th component computed 
over Nb  bins. The normalized vector was obtained by linear scaling transform of 

( )ln H .

Degree of clustering is a measure of the spatial structure of the component. 
For each IC, the number of voxels (Ntot) exceeding a threshold value in the z-nor-
malized map (|z|>2.5, see Methods) and the size of the subset of these voxels 
(Nclu) belonging to a 3D cluster of minimum extension (270 mm3) were computed. 
The degree of clustering was then defined as CLUi = Nclu/ Ntot with values in the 
interval [0, 1]. 

Measures derived from IC time course and frequency spectrum. 
The inclusion of measures of temporal structure (one-lag autocorrelation, 

temporal entropy) in the IC-fingerprints and spectral decomposition was motivat-
ed by the following considerations. In spatial ICA no explicit constraint is posed 
on the time course of the sources. Nevertheless, due to the nature of the hemo-
dynamic response, components reflecting neurophysiologically interesting sourc-
es are expected to present higher temporal structure than components reflecting 
noise and a concentration of spectral power at the low frequencies (0.01-0.1 Hz, 
Cordes et. al., 2001; van de Ven et. al., 2004). Conversely, frequencies above 0.1 
Hz can reflect the effect of aliasing of cardiac and respiration artifacts while the 
typical susceptibility artifact due to the EPI sequence presents an effect at very 
low frequencies below 0.01 Hz.  

One-lag serial autocorrelation is a measure of temporal structure. A 
“smooth” signal such as the BOLD responses is expected to have high values of 
autocorrelation (Baumgartner et. al., 2000). White noise conversely is character-
ized by an autocorrelation function that is one at zero lag and zero everywhere 
else. For each IC, one-lag autocorrelation was estimated as:
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where ai  is the time course of the i-th component and T is the number of time 
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points. The normalized vector was obtained considering r . 

Temporal entropy is a measure of information content of the time course of 
a component. White noise is expected to have higher temporal entropy than time 
structured (periodic) signals. For each IC, temporal entropy was estimated as:

                               ( ) ( ( ))logH ht b ht bi i i
b

N

2
1

b
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where hti  represents time course values histogram of the i-th component 

computed over Nb  bins. The normalized vector was obtained by linear scaling 
transform of ( )exp H .

Power contribution The power spectrum density for each IC time course 
was computed using Welch’s method (see Childers, 1997).  Five measures were 
obtained by considering the relative contribution of 5 different frequency bands 
([0, 0.008 Hz], [0.008, 0.02 Hz], [0.02-0.05 Hz], [0.05-0.1 Hz] and [0.1-0.25 Hz]) 
to the overall spectral power. The matrix containing the spectral measures of all 
the ICs sorted by rows was normalized by scaling each row to its maximum value 
and then scaling each column to its maximum value.
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fMRI Independent Components 
fingerprints during Focal Epilepsy

Abstract
The General Linear Model (GLM), has been used to analyse simultaneous 
EEG-fMRI to reveal BOLD changes linked to interictal epileptic discharges 
(IED) identified on scalp EEG. This approach is ineffective when IED are not 
evident in the EEG. Data-driven fMRI analysis techniques that do not require 
an EEG derived model may offer a solution in these circumstances. We com-
pared the findings of independent components analysis (ICA) and EEG-based 
GLM analyses of fMRI data from eight patients with focal epilepsy. Spatial 
ICA was used to extract independent components (IC) which were automati-
cally classified as either BOLD-related, motion artefacts, EPI susceptibility ar-
tefacts, large blood vessels, noise at high spatial or temporal frequency. The 
classifier reduced the number of candidate IC by 78%, with an average of 
16 BOLD-related IC. Concordance between the ICA and GLM-derived results 
was assessed based on spatio-temporal criteria. In each patient, one of the 
IC satisfied the criteria to correspond to IED-based GLM result. The remaining 
IC were consistent with BOLD patterns of spontaneous brain activity and may 
include epileptic activity that was not evident on the scalp EEG. In conclusion, 
ICA of fMRI is capable of revealing areas of epileptic activity in patients with 
focal epilepsy and may be useful for the analysis of EEG-fMRI data in which 
abnormalities are not apparent on scalp EEG.

Based on: 
Rodionov, R., De Martino, F., Laufs, H., Carmichael, D.W., Formisano, E., Walker, M., Duncan, 
J.S., Lemieux, L. (2007). Independent Component Analysis of Interictal fMRI in Focal Epilepsy: 
Comparison with General Linear Model-based EEGcorrelated fMRI. Neuroimage; 38:488-500.
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Introduction
In some patients with drug resistant focal epilepsy, surgical resection offers 

the possibility of seizure control. If the focus is not adequately localized non-in-
vasively, with MRI and scalp EEG, intra-cranial electroencephalography (icEEG) 
using subdural or intracerebral electrodes may be necessary to define the zone 
of seizure onset. This procedure is invasive and may fail to identify the epilep-
togenic zone, in part because of the limited spatial sampling of intracranial elec-
trodes.

Functional MRI enables the non-invasive observation of brain activity with 
relatively high spatial resolution over the whole brain. EEG-correlated fMRI 
(EEG–fMRI) has shown promise in epilepsy. Using EEG–fMRI, regions of brain 
activation and deactivation have been demonstrated in relation to interictal and 
ictal epileptic discharges, providing a new form of localizing information (Ha-
mandi et al., 2004; Gotman et al., 2006; Laufs and Duncan, 2007). It has been 
suggested that this type of information could be useful to plan or even to remove 
the need for intracranial EEG in some cases (Allen et al., 2000; Lemieux et al., 
2001). The standard analysis of EEG–fMRI data is based on the identification 
of interictal epileptiform discharges (IED) on scalp EEG which are used to build 
a general linear model (GLM) of the fMRI signal changes. In brief, a model is 
obtained by convolution of the EEG events, which are represented as stick func-
tions or blocks, with a hemodynamic response function; maps showing regions 
of significant IED-related change are obtained through voxel-wise fitting of the 
model and application of appropriate statistical thresholds (Lemieux et al., 2001; 
Benar et al., 2002; Salek-Haddadi et al., 2003; Hamandi et al., 2004; Gotman et 
al., 2006). 

Reliance on scalp EEG for the modelling of BOLD changes throughout the 
brain is useful to demonstrate hemodynamic changes related to specific EEG 
patterns but has limitations, because:

(1) The number of EEG events recorded during a 10–40 minute fMRI 
acquisition must be sufficient for efficient model estimation. The EEG/
GLM approach cannot be used when few interictal epileptic discharges 
(IED) are detected during the fMRI experiment, which is not uncommon 
(Krakow et al., 1999; Gotman et al., 2004; Salek-Haddadi et al., 2006; Di 
Bonaventura et al., 2006).
(2) The scalp EEG has limited sensitivity, particularly for activity originat-
ing deep in the brain (Tao et al., 2005; Ray et al., 2007), with a resultant 
bias towards the detection of superficial IED. Furthermore it is well known 
that epileptic activity originating from deep brain structures in many cases 
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cannot be recorded on the scalp EEG (Niedermeyer and Lopes da Silva, 
2004).
(3) Any epilepsy-related activity which is not detected by scalp EEG will 
not be modelled, with a potentially significant impact on the technique’s 
sensitivity.

In such circumstances, data-driven fMRI data analysis techniques may pro-
vide a way forward (Morgan et al., 2004) as they are not constrained by a fixed 
hypothesis. This may be particularly beneficial in cases where no hypothesis is 
available for example in the absence of discharges on the scalp EEG. 

ICA is increasingly recognized as a useful fMRI data-driven analysis tool 
(McKeown et al., 1998; Formisano et al., 2004; Beckmann et al., 2005). Not be-
ing reliant on prior hypotheses, ICA of fMRI has the potential to identify a greater 
proportion of the BOLD signal variations. The main advantage of this method 
is that it represents the original functional time series as a set of independent 
components (IC), which may separate meaningful neurophysiological sources 
and artefacts. However, the lack of a prior hypothesis and the potentially large 
number of IC generated render interpretation of the results difficult (Formisano et 
al., 2002; Beckmann and Smith, 2004). Some authors combine ICA with a GLM 
for fMRI analysis, using IC as GLM regressors (McKeown, 2000; Hu et al., 2005; 
Mirsattari et al., 2006). Since correlation with an experimental paradigm is a cri-
terion for selection of IC to build a GLM, the core problem of IC interpretation is 
not tackled in these techniques. The idea of sequential application of spatial and 
temporal ICA in order to reveal epilepsy-related IC has been suggested, but not 
evaluated (Chen et al., 2006).

An automated characterization technique has been introduced and imple-
mented to reduce the number of meaningful IC that require interpretation (De 
Martino et al., 2007). In this method, the classification of patterns as BOLD-like 
relies on a set of spatial and temporal characteristics derived from data acquired 
in normal healthy subjects. In the context of epilepsy, it has been suggested that 
the time course of IED-related BOLD changes may deviate from the canonical 
shape (Diehl et al., 2003; Salek-Haddadi et al., 2003). However, the IED-related 
response has been shown to be primarily canonical (Salek-Haddadi et al., 2006; 
Lemieux et al., 2007) and any deviation is likely to reflect scalp EEG bias rath-
er than coupling or vascular abnormalities (Lemieux et al., 2007; Hawco et al., 
2007). 

Our goal is to assess the potential of ICA to identify epileptic activity in fMRI 
datasets acquired in patients with focal epilepsy by comparing the results with the 
patterns identified using a GLM-based approach (based on EEG abnormalities 
seen on scalp EEG) in cases with clear electro-clinical localization. We applied 
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the method of spatial ICA to fMRI data and used an automated classification ap-
proach (De Martino et al., 2007), independent of the EEG, to reduce the number 
of components that are likely to represent epileptic activity. We have chosen to 
use the classifier as currently trained using data from healthy subjects for this 
initial study, based on the general normality of the spike-related BOLD response 
as described above. Then we determined whether the selected components in-
cluded IED-related spatio-temporal patterns by comparing them with the results 
of the EEG-based GLM analysis of the same data, resulting in a set of IED-re-
lated independent components.

Data
Sixty-three patients with focal epilepsy underwent EEG correlated fMRI 

(Salek-Haddadi et al., 2006).
 

Case # Case # 
in Salek-
Haddadi et. 
al., 2006

Case # in 
Hamandi 
et. al., 2005

Aetiology EEG-fMRI GLM 
activation 
localization

Surgery 
outcome

1 13 B TLE, L-HS LH, cuneus 4

2 2 D MCD Diffused R mid-
temporal and 
frontal

n/a

3 35 H MCD L temporal n/a

4 12 F TLE, L-HS L anterior temporal 2

5 31 C MCD R parietal and 
temporo-parietal

n/a

6 6 A Chronic 
encephalitis

L temporal parietal 9

7 23 G Post-
traumatic

R frontal and R 
parietal

n/a

8 3 E MCD L temporal n/a

Eight patients (Table 1) were selected based on the following criteria: (1) 
clear-cut localization and lateralization on the basis of concordance between 
clinical seizures, EEG and structural MRI; (2) the localization of the GLM-de-

Table 1
Patient data and EEG–fMRI GLM results

The EEG–fMRI GLM activation localization was taken from Salek-Haddadi et al. (2006). Surgery outcome: number of 
post-surgical years of seizure freedom. Abbreviations: TLE—temporal lobe epilepsy; L-HS—left hippocampus sclerosis; 
MCD—malformation of cortical development; LH—left hippocampus; R/L—right/left; n/a—no information available.
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rived fMRI signal change was concordant with other electro-clinical data (Table 
1) (Salek-Haddadi et al., 2006). All patients gave written informed consent (Joint 
Ethics Committee of the National Hospital for Neurology and Neurosurgery and 
Institute of Neurology). 

BOLD sensitive EPI images (TE/TR 40/3000, 21×5 contiguous, interleaved 
slices, FOV 24×24 cm, 64×64 matrix) were acquired, with a 1.5 T Horizon Echos-
peed (General Electric, Milwaukee, USA) MRI scanner with continuous, simulta-
neous EEG and ECG recording. In seven subjects, 700 scans were acquired. In 
one case 450 scans were acquired due to a seizure. High-resolution T1 weighted 
MR images were also acquired (Fast Inversion Recovery [prepared] Spoiled 
Gradient Recalled [IRSPGR]: TI/TR/TE, 450/15/4.2 (ms), flip angle 25°; 124 1.5 
mmthick coronal slices; matrix, 256×192 voxels, 24×18 cm field of view; scan 
time, 7 min). Patients were asked to rest with their eyes shut and keep their head 
still. 

The EEG was recorded using in-house equipment. Ten channels of common 
reference EEG in a bi-temporal chain Fp2/Fp1, F8/F7, T4/T3, T6/T5, O2/O1, Fz 
(ground) and Pz as the reference, according to the international 10:20 system 
and two channels of ECG were recorded inside the MRI scanner with on line 
artefact removal (Allen et al., 1998; Allen et al., 2000; Lemieux et al., 2001). The 
EEG was reviewed off-line and the onset of IED identified by two trained observ-
ers who reached consensus on the set of marked IED.

Methods
The fMRI data were analysed using two methods and the results compared: 

(1) ICA without reference to the simultaneously recorded EEG, and (2) the EEG-
based GLM approach (IED correlated fMRI).

ICA of fMRI data
Spatial independent component analysis was performed with Brain Voyager 

QX software (Brain Innovation, Maastricht, Netherlands). The mathematical de-
tails of the ICA for fMRI are described elsewhere (McKeown et al., 1998, 2003). 
Details of implementation of ICA in BrainVoyager QX are described in Formisano 
et al. (2004). 

In summary, the ICA decomposition can be expressed as:
                                            X A S:=                                              (1)

where X is the measured fMRI signal, S the spatial maps of the decomposi-
tion and A, the time courses defining the relative weighting of the spatial maps 
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throughout the experiment. We estimated A and S, using the hierarchical (defla-
tion) mode of the FastICA algorithm (Hyvärinen, 1999), after reduction of the 
temporal dimension of the data set with principal component analysis to 80 di-
mensions. This number of dimensions was selected after a preliminary analysis 
in which we performed consecutive decompositions and verified that the number 
of IC classified as BOLD was stable and spatiotemporal characteristics of those 
IC did not change significantly while increasing the number of IC in the decom-
position.

Classification of independent components
After decomposition automatic IC classification was applied (see Chapter 

1, De Martino et al., 2007) resulting in the following set of labels: (1) the ‘BOLD’ 
class, which included components that are thought to consistently reflect task-re-
lated, transiently task-related and brain state-related (e.g. default state) neuronal 
activity; (2) residual motion artefacts; (3) EPI-susceptibility artefacts; (4) physi-
ological noise; (5) noise at high spatial frequency; and (6) noise at temporal high 
frequency. 

The classifier is the result of training with a dataset from healthy volunteers 
(Chapter 1, De Martino et al., 2007) and is designed to be inclusive rather than 
restrictive with respect to BOLD components in order to reduce the probability 
of misclassification of BOLD related IC. Furthermore, it has the ability to reveal 
stereotypical components of normal brain activity such as the so-called ‘default 
mode’ network (Schmithorst and Brown, 2004; Greicius and Menon, 2004) and 
sensory components reflecting connectivity during rest (Van de Ven et al., 2004). 
The BOLD components were further classified into the following sub-types by 
visual inspection:

1. Stereotypical of normal brain activity;
2. Misclassified (False Positives);
3. Other.

The misclassified type contains those with patterns corresponding to one of 
the following effects (Chapter 1, De Martino et al., 2007): motion, blood vessels, 
spatially distributed and high frequency noise. We hypothesized that IC classified 
as ‘Other’ would contain IC related to IED and form the set of candidate compo-
nents. 

GLM-based analysis of EEG–fMRI data 
A GLM-based analysis (Frackowiak et al., 2003) of the fMRI datasets was 

performed with Brain Voyager QX software based on the identification of IED 
on the scalp EEG. Two trained observers coded the EEGs together resulting on 
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a consensus for the entire recordings. Data pre-processing consisted of scan 
realignment and smoothing using an 8 mm kernel (Frackowiak et al., 2003). The 
GLM comprised HRF-convolved IED-related effects (Salek- Haddadi et al., 2006), 
motion effects (a combination of Volterra expansion of the 6 scan realignment 
parameters) (Friston et al., 1996; Lemieux et al., 2007) and scan nulling of head 
jerks (Salek-Haddadi et al., 2006; Lemieux et al., 2007). Statistical parametric 
maps (SPM) of activation were obtained by testing for positive BOLD changes 
using p=0.05 (Bonferroni corrected). The set of EPI images was co-registered 
with the T1 volume dataset scaled to Talairach space by means of rigid body 
transformation for visualization. In these cases, positive BOLD responses were 
found consistently corresponding to the electro-clinical findings in line with our 
findings in a larger series (Salek-Haddadi et al., 2006). This is in contrast to the 
negative BOLD changes, which are generally more remote from the presumed 
generator. Therefore, only positive IED-related BOLD changes were considered 

Figure 1: Fragment of the time course of IC (blue) significantly correlated with corresponding IED-related (GLM) re-
gressor (red) for case #4 (a) (R=0.26, p=6.6e−12) and case #7 (b) (R=0.3, p=2.6e−15).
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in this study.

Comparison of ICA and GLM-
based results

The values of the particular IC map 
represent the relative amount a given 
voxel is modulated by the activation of 
that component. To identify significant-
ly contributing voxels, ICA maps were 
scaled to the spatial z-scores, computed 
as the number of standard deviations 
from the map mean (McKeown et al., 
1998).

A threshold of z=2.0 was used for 
visualization of the IC maps and volu-
metric comparison of the IC maps and 
SPM. 

Each BOLD component was com-
pared with the GLM solution (positive 
BOLD changes only). Components 
that matched the following criteria were 
classified as matching (IED-related): 
(1) temporal correlation between com-
ponent time course and IED-derived 
regressor with p=0.01 (Figs. 1 and 2) 
spatial overlap of the thresholded IC 
map (z=2.0) exceeding 10% of spatial 
extent of GLM-derived clusters (Fig. 2). 
The value of 10% of spatial overlap was 
chosen based on preliminary tests on 3 
datasets.

Figure 2: Illustration of SPM (dark blue) and matching IC 
maps (orange) for all cases, overlap is shown in purple 
shades. Cursor is located so as to define sections that 
best illustrate overlap. The thresholds are z=2.0 for the 
IC maps and p=0.05 (corrected) for the SPM. 
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Results
The ICA decompositions are summarized in Table 2. The number of BOLD 

components ranged between 11 and 24 (mean: 16, median: 15) representing 
an average of 22% of the total (Table 2). In six cases one, and in one case, two 
of the candidate components matched the GLM-derived result according to the 
set criteria. In one case, #4, no BOLD component was found to meet the match-
ing criteria (Table 2, Fig. 2). In accordance with previous studies of the resting 
state in healthy subjects, components characteristic of the so-called resting state 
networks (RSN) were found consistently in the group studied. These involved 
sensory–motor, visual and auditory areas and the so-called default mode network 
(DMN: precuneus and frontooccipital areas), the latter illustrated in Fig. 3.

Case # # BOLD IC s # GLM-
concordant 
BOLD IC

IC-SPM overlap 
% (# of voxels)

Significance 
of R

1 11 1 41.5 (35) 2.39e-6

2 9 1 18.5 (67) 0.009

3 24 1 60 (9) 0.01

4 21 0 - -

5 20 2 41 (500); 
23 (280)

3.4e-9 
1.7e-7

6 13 1 78 (207) 2.0e-20

7 17 1 25 (671) 2.6e-15

8 11 1 15 (2) 2.6e-4

Case reports
In accordance with the selection criteria used for this study, the result of the 

GLM analysis was concordant with the presumed or confirmed focus for all cases 
(Salek-Haddadi et al., 2006).

Case 1
Patient with left hippocampal sclerosis and left temporal IEDs. The GLM 

analysis revealed a left temporal activation with an additional smaller activation 
cluster in the occipital region. The single matching IC consisted of a cluster in the 

Table 2
ICA-GLM comparison

The volume of overlap between IC maps and SPMs is expressed both as a percentage of the SPM activation cluster. The 
significance of the correlation between IC time course and spike regressor is expressed as the probability of getting 
the same value of correlation coefficient by chance.
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left hippocampus and a larger one in the occipital region, either overlapping or 
adjacent to the GLM pattern (Fig. 2, subject 1).

Case 2
Patient with an extensive malformation of cortical development in the right 

hemisphere, involving predominantly the parietal lobe but extending to the occipi-
tal and frontal lobes, plus focal atrophy of the left parietal lobe. GLM analysis re-
vealed an area of right frontal and mid-temporal activation linked to right temporal 
IEDs. The GLM analysis for this patient has a lower level of significance possibly 
due to the large degree of motion (Salek-Haddadi et al., 2006). One IC matched 
the GLM result, covering the parietal part of the lesion and corresponding clusters 
of GLM activation (Fig. 2, subject 2).

Case 3
Patient with left parietal polymicrogyria, left hemisphere atrophy and left hip-

pocampal sclerosis. During EEG–fMRI there were frequent left anterior temporal 
spikes which were linked to a small cluster of left temporal activation (Fig. 2, 
subject 3). The matching IC corresponded to the GLM activation plus most of the 
cortical lesion.

Case 4
Patient with left hippocampal sclerosis and left anterior temporal spikes. 

EEG–fMRI revealed lateral temporal lobe activation. No IC was found that satis-
fied the matching criteria. 

Case 5
Patient with two large heterotopic nodules, frontoparietocentral and medial 

parietal. During EEG–fMRI there were frequent right central spikes or varying 
amplitudes plus slow waves. GLM activation clusters were observed within both 
nodules. Two IC matching the concordance criteria were found: one in the nod-
ules (Fig. 2, subject 5 (a)) and the other under the vertex (Fig. 2, subject 5 (b)).

Case 6
Patient had left hemisphere chronic encephalitis of adult onset. The GLM 

activation was linked to high-amplitude left temporal sharp-wave discharges. A 
single matching IC was found covering most of the GLM-derived activation (Fig. 
2, subject 6).

Case 7
Patient had a post-traumatic right middle frontal gyrus scar. EEG–fMRI re-

vealed three distinct clusters of activation linked to runs of polyspike-wave activ-
ity. A single matching IC was found with excellent correspondence to the GLM 
result (Fig. 2, subject 7).
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Figure 3: Illustrative IC maps of components corre-
sponding to resting state networks (Greicius et al., 2003; 
Fransson, 2005). Each IC map is visualized at a threshold 
of zN2.0; the numbers for each set of projections corre-
spond to # of case ID in Tables 1 and 2.

Figure 4: Representative illustration of IC requiring fur-
ther investigation and interpretation for cases 1–6. Visu-
alization threshold zN2.0. Case 1: contralateral to the 
GLM result; case 2: posterior to the GLM result; case 3: 
contralateral to the lesion and GLM result; case 4: poste-
rior to the GLM result; case 5: contralateral to the lesion 
and GLM result; case 6: contralateral to the lesion and 
GLM result. The numbers for each set of projections cor-
respond to # of case in Tables 1 and 2.

Case 8
Patient had widespread predominantly posterior band and nodular hetero-

topia and bursts of posterior temporal/occipital discharges with left-sided em-
phasis. EEG–fMRI revealed a small cluster of left temporal-occipital activation 
concordant with structural MRI and interictal EEG. Matching IC consisted of a 

small cluster overlaying the GLM result 
(Fig. 2, subject 8).
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Discussion
We analysed the results of ICA decomposition of fMRI data in patients with 

focal epilepsy in whom EEG–fMRI had revealed GLM-derived activation patterns 
judged to be concordant with the epileptic focus. Using automated component 
classification, in 7/8 cases it was possible to identify one or two IC which corre-
sponded to GLM activations.

Methodological issues
The classifier we used was trained on data from healthy subjects in a block-

designed visual experiment, which may be sub optimal for application in patient 
data where spontaneous brain activity is recorded without external stimulation. 
Visual inspection of the components classified as BOLD by expert observers re-
vealed that 50% of these did not correspond to BOLD effects but rather to motion, 
big blood vessels and high frequency noise. This represents a trade-off in favour 
of classifier sensitivity over specificity. 

The classifier failed to detect a matching BOLD-related component in a sin-
gle case (#4). In this case, inspection of all IC by expert observers revealed a 
component that qualitatively matched the GLM result that had been classified as 
temporal high frequency noise. This case was characterized by the highest de-
gree of correlation between motion expressed as displacement in 3D space cal-
culated with realignment parameters and the GLM regressor (R=−0.3, p=0.01). 
It should be noted that typical patterns for motion and temporal high frequency 
noise have similar values for the high frequency parameter of the fingerprint (De 
Martino et al., 2007) which caused misclassification of the IC. Fragments of the 
time course of the selected IC and IED-based regressor are shown in Fig. 1a 
(R=0.25, p=6.6e−12). 

In patients, fMRI data are often contaminated by motion and so caution is 
required when analysing and interpreting results, especially when applying data-
driven approaches. For example, in case # 2 with 108/450 scans modelled as 
head jerks, there was considerable overlap between a number of motion-related 
IC and the GLM result. The presence of motion-related noise risks masking genu-
ine signal changes, particularly when temporally correlated with the events of 
interest. In case #4, we concluded that the presence of motion artefact (highly 
significant correlation of IED-based regressor and integral motion parameter 
R=−0.3, p=2.6e−15) caused misclassification of the GLM-concordant IC (Fig. 2, 
subject 4) due to high temporal frequency contamination. 

We evaluated each BOLD IC based on spatial overlap with GLM activation 
pattern and temporal correlation with the GLM IED-derived regressor (Fig. 1b). 
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Although the choice of spatial overlap and temporal correlation threshold values 
can appear arbitrary the results provide some reassurance that this approach is 
useful.

Interpretation of BOLD components
One of the key elements of our approach was a data reduction strategy to 

reduce the number of IC to be matched with the results. The first step of this was 
the automatic classification of IC as BOLD components. The second step was 
the visual identification of IC with spatial patterns typical of Resting State Net-
works: visual, auditory, sensory–motor and so-called Default Mode, in line with 
previous studies of resting state fMRI data using data-driven techniques (Seifritz 
et al., 2002; Beckmann et al., 2005; Fransson, 2005; Fox et al., 2005; Aragri et 
al., 2006; Laufs et al., 2006). We note the asymmetry in the DMN in case #2 
which may reflect pathology of the right hemisphere (Fig. 3, subject 2).

The remaining BOLD IC formed the set of components which comprised 
epilepsy-related components (in 7/8 cases) and components for which we could 
not find an interpretation. Examples of such IC are shown in Fig. 4. Some of the 
uninterpreted IC (i.e. that did not satisfy both the spatial and temporal matching 
criteria) had a time course that was significantly correlated with the IED-derived 
GLM regressor, providing evidence that those IC could describe some parts of 
the spatial distribution of epileptogenic network. This is equivalent to sub-thresh-
old activity from the point of view of the GLM and may therefore simply reflect 
differences in the way significance is 
established for the two methods. As 
an additional analysis, we studied 
the temporal relationship between 
the ‘Other’ (potentially epileptic) IC 
and the relevant GLM regressor as 
a function of relative time lag. This 
has revealed significant correlation in 
5 of the 7 cases in which potentially 
epileptic components were identified, 
with peak correlation at time lags 
ranging between −1 TR and 2 TR. 
For example, in case #5 the correla-
tion peaked at a time lag of +1 TR, 
suggesting delayed BOLD changes 
contralateral to the presumed focus in relation to the ipsilateral BOLD effect (as 
revealed by the GLM) (Fig. 5). The significance of such lags, which may in part 

Figure 5: Illustration of correlation function between IED-
derived regressor and time course of an IC interpreted as 
‘Other’ (case #5). The map of the IC is shown in Fig. 4, 
subject 5. The level of significance of correlation is R=0.98 
(green line). Here peak correlation at +1 TR means a delay 
of the IC time course in relation to IED-derived regressor. 
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reflect normal variability in the hemodynamic response which may be captured 
using a more flexible HRF basis set, remains to be studied. Nonetheless, the 
additional components identified in this study illustrate an interesting aspect of 
data-driven analyses: that of possible added value compared to the GLM-based 
analysis by removing the need for tight temporal coupling between scalp EEG 
event and hemodynamic fluctuations. Validation of such components would re-
quire correlation with the complete characterization of the epileptogenic network 
as may be obtained with intracranial EEG. Our assumption is that epileptiform 
activity recorded on the scalp, and therefore which originates in the superficial 
cortex, does not fundamentally differ from activity that is generated deeper inside 
the brain (and that is not reflected on scalp EEG) at least hemodynamically. No 
additional potentially epilepsy-related IC were found for cases 7 and 8.

As mentioned previously, in case #4 no candidate IC matched the EEG-de-
rived pattern. Inspection of the components classified as non-BOLD revealed one 
for which both the spatial and temporal correspondence criteria were satisfied 
(Fig. 2.4): spatial overlap between the IC map and the SPM was 93% (96 vox-
els) of the SPM volume, the correlation of the IC time course and the IED-based 
regressor was R=0.26 with a very high significance (p=6.6e−12, Fig. 1a). As sug-
gested above, this IC was probably contaminated by motion. 

One of the two concordant IC in case #5 (Fig. 2.5b) was observed in all data-
sets; in principle, there are two possible explanations namely that the component 
is commonly linked to resting state activity or to epilepsy. Its location close to the 
sagittal sinus, and distribution pattern suggest the former. 

Biological and clinical significance
The nature of the selected cases allows us to conclude that the matching 

of ICA and GLM results confirms a general concordance between the identified 
component(s) and the generator of the IED. Patients 1, 4 and 6 were seizure free 
4, 2 and 9 years respectively after left temporal lobe resection. Comparison of the 
fMRI and post-operative structural MRI revealed that the activated areas were 
resected, providing strong evidence that ICA was capable of highlighting areas of 
brain involved in epileptic activity in those cases.

It is important to note that none of the GLM and IC results matched perfectly. 
For example, only a small degree of spatial overlap between GLM results and IC 
maps does not preclude functional correspondence. The possible explanations 
for differences in spatial distribution and time course include: differences in the 
underlying mathematical assumptions between the models; differences in criteria 
for selecting significant voxels (thresholding); bias of the GLM analysis due to 
limited EEG sensitivity, EEG bias towards more superficial activity and subjectiv-
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ity of the EEG interpretation. Thus in case #4 when increasing the threshold up to 
z=3.0 and further to z=4.0 there was still significant spatial overlap with the SPM, 
at 85% and 52% of SPM volume correspondingly. The spatial configuration of 
the IC maps and the SPM appeared more similar to each other with these higher 
thresholds than for the case of z=2.0 shown in Fig. 2.4.

Future work
The ability of ICA to blindly decompose the time series in a set of independ-

ent (and physiologically meaningful) components makes it an attractive tool to 
formulate spatial hypotheses with respect to the source of IED. ICA alone, how-
ever, does not allow distinguishing IED-related activity from other BOLD related 
activation patterns (e.g. default mode and resting state patterns).

The next step would be to perform ICA of fMRI in patients in whom no EEG-
derived model is available due to the absence of epileptic activity in the EEG 
data acquired during EEG–fMRI acquisition. In such cases the GLM approach 
is not applicable and it will be necessary to develop new methods based on non 
temporal priors in order to determine which IC are epilepsy-related. Retraining or 
refinement of the classifier according to resting state data in healthy subjects or 
epileptic patients may allow increased specificity. Additional information such as 
longer duration EEG recordings outside the scanner, intra-cranial EEG and surgi-
cal data may also be used. This could lead to a methodology for further reducing 
the number of candidate epileptiform components. Validation could be performed 
based on comparison with information derived from intra-cranial EEG data and 
post-surgical outcome.

Conclusions
We found that ICA of interictal fMRI is capable of revealing areas of epileptic 

activity in patients with well-characterized focal epilepsy. The automatic IC clas-
sification method used in this study resulted in a limited number of IC, hypoth-
esized to correspond to epileptic activity. In all cases studied at least one of the 
IC was consistent with EEG-based BOLD activations and due to the nature of 
the patients selected represent epileptic regions that generate IED. In a number 
of cases, IC were revealed that did not correspond to the EEG-derived result but 
that could be the basis for further investigation, and in particular by comparison 
with results of other diagnostic modalities, to assess the method’s ability to iden-
tify pathological changes not linked to scalp EEG abnormalities.
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Abstract
In functional brain mapping, pattern recognition methods allow detecting mul-
tivoxel patterns of brain activation which are informative with respect to a sub-
ject’s perceptual or cognitive state. The sensitivity of these methods, however, 
is greatly reduced when the proportion of voxels that convey the discriminative 
information is small compared to the total number of measured voxels. To re-
duce this dimensionality problem, previous studies employed univariate voxel 
selection or region of interest-based strategies as a preceding step to the ap-
plication of machine learning algorithms.
In this chapter we describe a strategy for classifying functional imaging data 
based on a multivariate feature selection algorithm, Recursive Feature Elimi-
nation (RFE) that uses the training algorithm (support vector machine) recur-
sively to eliminate irrelevant voxels and estimate informative spatial patterns. 
Generalization performances on test data increases while features/voxels are 
pruned based on their discrimination ability. 
Using simulated fMRI data, we evaluate RFE in terms of sensitivity of discrimi-
native maps (Receiver Operative Characteristic analysis) and generalization 
performances and compare it to previously used univariate voxel selection 
strategies based on activation and discrimination measures. 
Furthermore, we apply our method to high resolution data from an auditory 
fMRI experiment in which subjects were stimulated with sounds from four dif-
ferent categories. With these real data, our recursive algorithm proves able 
to detect and accurately classify multivoxel spatial patterns, highlighting the 
role of the superior temporal gyrus in encoding the information of sound cat-
egories. In line with the simulation results, our method outperforms univariate 
statistical analysis and statistical learning without feature selection.
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Introduction 
Machine Learning and pattern recognition techniques are being increasingly 

used in fMRI data analysis. These methods allow detecting subtle, non-strictly 
localized effects that may remain invisible to the conventional analysis with uni-
variate statistics (Norman et al., 2006, Haynes et al., 2006). In contrast to these 
latter approaches, machine learning techniques take into account the full spatial 
pattern of brain activity, measured simultaneously at many locations, and exploit 
the inherent multivariate nature of fMRI data. 

The application of machine learning techniques to fMRI has been referred 
to as multivoxel pattern analysis (MVPA) and it generally entails four steps (Nor-
man et al., 2006). First, the set of voxels that will enter the multivariate analysis 
is selected. With respect to this, the analysis may be massively multivariate and 
consider all brain voxels simultaneously (whole-brain approach, Mourao-Miranda 
et al., 2005) or may be limited to a subset of voxels from one region-of-interest 
(ROI) (Cox and Savoy, 2003, Haynes et al., 2005, Kamitani et al., 2005), in which 
case the dimensionality of the multivariate space is greatly reduced. Second, 
stimulus-evoked brain activity is represented as a point in a multidimensional 
space, i.e. as the pattern of intensity values at selected voxels (multivoxel pat-
terns, MVP). In order to represent the brain response to a stimulus or cognitive 
state any estimate of activation at the selected voxels can be used, such as the 
intensity at a single acquisition volume (TR) (Haynes et al., 2005, Mourao-Mi-
randa et al., 2005) or the average intensity in multiple TRs (Kamitani et al., 2005, 
Mourao-Miranda et al., 2006). Third, using a subset of trials, a classifier is trained 
and the optimal separating boundary (hypersurface) between different conditions 
in this multidimensional space is defined.  Several methods including Support 
Vector Machines (SVMs) (Cox and Savoy, 2003, Mitchell et al., 2004, Mourao-Mi-
randa et al., 2005, LaConte et al., 2005, Kamitani et al., 2005), linear discriminant 
analysis (LDA) (Haynes et al., 2005, Kriegeskorte et al., 2006), and Gaussian 
Naïve Bayes (GNB) (Mitchell et al., 2004) classifiers have been used for this 
purpose. During training, a map coding for the relative contribution of each voxel 
to the discrimination of conditions (discriminative map) can be directly obtained 
for all linear classifiers (Mourao-Miranda et al., 2005). Fourth, the capability of 
the trained classifier to accurately discriminate the experimental conditions when 
presented with new data (i.e. trial responses not used during training) is tested 
(generalization).

This chapter deals with issues concerning the first point, i.e. the initial selec-
tion of the set of voxels, with the aim of optimizing the performance of the multi-
voxel pattern analysis. For consistency with the pattern recognition literature the 
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voxels of an fMRI data set are also referred to as “features”.
Whole-brain approaches are appealing in that they do not require a priori hy-

pothesis on the location of the relevant voxels, which can be determined post hoc 
from the discriminative maps. These approaches seem most appropriate when 
the discrimination of perceptual or cognitive states is reflected by widely distrib-
uted activation patterns that extend and include various and separated brain re-
gions. However, whole-brain approaches may be problematic when the aim of 
the analysis is the fine-grained discrimination between perceptual states (Haynes 
et al., 2005, Kamitani et al., 2005). In fact, in these cases the proportion of voxels 
that convey the discriminative information is expected to be small and thus whole 
brain approaches seem sub-optimal. Machine learning algorithms are known to 
degrade their performances when faced with many irrelevant features (overfit-
ting, Kohavi et al., 1997, Guyon et al., 2003, Norman et al., 2006), especially, 
when the number of training samples is rather limited as in typical fMRI studies. 
Thus selection of an adequate subset of features/voxels is of critical importance 
in order to obtain classifiers with good generalization performance. 

Restricting the multivariate analysis to an anatomically or functionally pre-de-
fined subset of voxels can be seen as a solution to this feature selection problem. 
This solution is affected by all limitations of ROI-based approaches, which only 
allow testing a limited set of spatial hypotheses and cannot be used when the 
aim of the study is the localization of those voxels forming discriminative patterns. 
An interesting alternative is the local multivariate search approach proposed by 
Kriegeskorte et al., (2006). This method relies on the assumption that the dis-
criminative information is encoded in neighbouring voxels within a “searchlight” of 
specified radius. Such locally-distributed analysis might be, however, sub optimal 
when no hypothesis is available on the size of the neighbourhood and might fail 
to detect discriminative patterns jointly encoded by distant regions (e.g. bilateral 
activation patterns).

The main limitation of whole-brain MVPA is its computational complexity 
since the number of voxels is very large in comparison to the number of trials in a 
typical fMRI acquisition (Norman et al., 2006). In pattern recognition approaches, 
feature selection strategies are usually employed prior to the analysis in order to 
reduce the dimensionality and to preserve sensitivity to small effects. In previous 
neuroimaging applications, machine learning algorithms have been combined 
with univariate feature selection strategies (Mitchell et al., 2004, Mourao-Miranda 
et al., 2006). Both the activation level (F-test) or the discrimination ability (t-test) 
have been used as univariate ranking criteria for voxel selection. Any such meth-
od of voxel selection, though, does not consider the inherent multivariate nature 
of the fMRI data.

Mapping fMRI patterns using Support Vector Machines and Recursive Feature 
Elimination
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 Multivariate feature selection strategies can be summarized in three cat-
egories, multivariate filters, wrappers and embedded methods (for a review see 
Kohavi et al., 1997 and Guyon et al., 2003). Filter methods are applied previous 
to the classifier and thus do not make use of the classifier performance to evalu-
ate the feature subset. Wrappers and embedded methods, on the other end, use 
the classifier to find the best feature subset. Wrappers consider the classifier as 
a black box and make use of different search engines in the feature space to find 
the subset that maximizes generalization performances. Embedded methods in-
stead incorporate feature selection as a part of the training process. 

Here we consider an approach to fMRI MVPA that ensures high sensitivity to 
fine grained spatial discriminative patterns, while preserving the appealing prop-
erties of whole-brain analysis. This approach combines a wrapper method (Re-
cursive Feature Elimination) and SVMs to perform fMRI MVPA. Recursive Fea-
ture Elimination (RFE) has been compared to other multivariate feature selection 
strategies (Rakotomamonjy, 2003) and has been successfully applied to gene 
selection and sample classification in combination with Support Vector Machine 
classifiers (Guyon et al., 2002). The recursive nature of the algorithm makes RFE 
computationally feasible in fMRI MVPA where the number of features can be up 
to 300.000 cortical voxels, as in the case of whole brain high resolution (2 x 2 x 2 
mm3) acquisitions. In a recent publication Hanson et al. (in press) introduced the 
combination of RFE and SVMs to fMRI multivoxel pattern recognition analysis. 
The authors showed that removing iteratively irrelevant voxels improves gener-
alization performances in discriminating visual stimuli (Faces and Houses) during 
two different tasks (1-back recognition detection task, oddball). 

In this chapter, we evaluate and compare the performances of RFE, of differ-
ent univariate feature filter methods (activation and discrimination based), and of 
their combination on simulated fMRI data. For each method, sensitivity analysis 
(ROC analysis) and generalization performance are computed at different levels 
of functional signal-to-noise (SNR, activation level with respect to the baseline) 
and functional contrast-to-noise (CNR, differences between activation levels in 
two conditions). We show that, especially in the case of low SNR and/or CNR, the 
combination of univariate activation-based voxel reduction and RFE outperforms 
all other methods. 

We also apply our method to a real data set obtained in an experiment with 
auditory stimulation in which sounds from four different categories were present-
ed. The results of the analysis on this fMRI data set confirm the expectations 
from the simulations and show that the combination of activation based univariate 
feature selection and RFE provides the highest generalization performance.
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Methods

Figure 1: General description of the proposed SVM/RFE iterative procedure to brain mapping. 
After single trial response estimation functional time series are divided in training and test data 
sets. An optional step of voxel reduction can be performed prior to RFE using only the training 
data. For each voxel selection level the recursive procedure (RFE; red dashed box in figure) 
consists of two steps. First an SVM classifier is trained using the current set of voxels. Second a 
set of voxels is discarded according to their discriminative weights as estimated during training. 
Test data are classified at each iteartion and generalization performances are assessed.

General description of the approach
Figure 1 illustrates schematically the proposed approach. Trials from the 

fMRI time-series are divided into training and test set; the latter data is only used 
to assess generalization performance. The main processing stage is the multi-
variate feature selection using Recursive Feature Elimination (RFE, red dashed 
box in Figure 1). At each iteration, RFE includes two steps. First, a subset of the 
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training data (TrainRFEi) is used to train an SVM classifier. Second, discrimination 
weights obtained from the SVM training are ranked and voxels corresponding to 
the smallest ranking are discarded. Voxels with the highest discriminative values 
are used for training in the next iteration. These two steps are repeated multiple 
times, thus generating a set of discriminative maps which progressively include 
a smaller number of voxels. Each of the times, the accuracy of classification cor-
responding to the current discriminative map is assessed using the external test 
trials. Assessment of the performance is obtained using an n-fold cross-validation 
scheme, i.e. repeating the whole analysis with different splitting of training and 
test data sets (Traink, Testk). Estimates of accuracy and discriminative maps for 
each voxel selection level are obtained by averaging across different folds. 

Figure1 also indicates that prior to RFE an additional, preliminary step of 
univariate voxel reduction can be used. This step consists in selecting a subset of 
voxel, based on univariate statistics computed on the training data (Traink).

Single trial response estimation.
We estimated the multivoxel pattern of intensities forming the input to the 

SVM classifier in the following way. At each stimulus presentation, a trial t (t = 
1…T), is formed considering Npre and Npost temporal samples (before and after 
stimulus onset respectively) of the pre-processed (see below) time course of ac-
tivity. A trial estimate of the response at every voxel v (v = 1,...V) is then obtained 
by fitting a General Linear Model (GLM) with one predictor coding for the trial 
response and one linear predictor accounting for a within-trial linear trend. The 
trial-response predictor is obtained by convolution of a boxcar with a double-
gamma hemodynamic response function (HRF) (Friston et al., 1998). At every 
voxel, the corresponding regressor coefficient (beta) is taken to represent the 
trial response. 

To account for BOLD response variability we repeated the estimation pro-
cedure (at each voxel) changing the time-to-peak (four to six seconds) of the 
modelled HRF response. The best-fitting beta (minimum p-value) was selected 
as representative for the trial response.

The outlined procedure is designed for slow event related designs or block 
designs in which the responses to contiguous trials are not overlapping in time 
(see below for a discussion of rapid event related designs). The result is a matrix 
M (T V# ), whose element m ,t v  is the response estimate at trial t and voxel v. This 
matrix is partitioned in training and testing matrices (Mtrain and Mtest) which are 
used in the rest of the analysis.  
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Activation and Discrimination based univariate feature selection.
In previous fMRI applications of pattern recognition methods (Mitchell et al., 

2004, Haynes et al., 2005, Mourao-Miranda et al., 2006), univariate feature se-
lection strategies have been suggested for  reducing the dimensionality of the 
multivoxel space (i.e. number of columns in matrix M). 

Consider a training set defined as:  
                           , ,..., ; ; ;c i T cm m1 1 1i i train i i

V0! != + -# "- ,         (1)
where mi is one row of matrix Mtrain and represents a trial in the V dimensional 
space of the voxels, whose class ci  is known (e.g. the two stimulus conditions). 

Introducing the hypothesis that interesting patterns consist of voxels that 
show a significant stimulus-related BOLD response to any of the two conditions 
compared to baseline levels justifies the reduction of the number of features 
based on the univariate selection of ‘active’ voxels. Furthermore, it simplifies the 
interpretation of the results as the analysis is restricted to voxels showing neuro-
physiologically understood responses (but see Haynes et al., 2007 and Discus-
sion). 

From the values ci  and ( ,..., )m v V1,i v =  we can compute the following scor-
ing functions:
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2vv+ + - -  indicate an estimate of mean response and vari-

ance calculated over the ( )n n1 1+ -  trials of condition ( )c c1 1=+ =-  at voxel v.
In this work the use of univariate activation based ranking is twofold. First, 

as a feature selection step to be compared with recursive feature elimination 
(univAct), in which case we used as ranking criteria the mean between S ,A 1+  and 
S ,A 1- . We also used activation based ranking as initial univariate feature reduc-
tion method in order to select a subset of voxels on which the iterative feature 
selection procedure is subsequently applied (univActRed). In the latter case we 
sorted the voxels independently using S ,A 1+  and S ,A 1-  and selected the union of 
the first V l voxels per condition.   

A more restrictive form of univariate feature selection is based on the se-
lection of voxels that show a significant difference between the two conditions 
(Mitchell et al., 2004, Heynes et al., 2005, Mourao-Miranda et al., 2006). As 
measures of discrimination ability a parametric (t) or non-parametric (Wilcoxon) 
statistical test can be used. 

From the values ci  and ( ,..., )m v V1,i v =  we can compute the following scor-
ing functions:
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where  , ( , , )m R m Rand, , , , , ,v v v v v v1
2

1 1
2

1v v+ + + - - -  indicate an estimate of mean re-
sponse, variance and sum or ranks calculated over the ( )n n1 1+ -  trials of condition 

( )c c1 1=+ =-  at voxel v.
The univariate discrimination based selection (univT; univW) is obtained sort-

ing the voxels according to ST  or SV  and selecting the first V l voxels.
It is important to underline the necessity of performing any sort of initial fea-

ture selection (activation or discrimination based) only using the training data 
in order to reduce potential biases in the evaluation of generalization perform-
ances.

To better quantify generalization abilities of the univariately selected voxels 
the scoring functions are computed in cross-validation, i.e. further splitting the 
training data in different subsets, computing voxel-by-voxel scores on the differ-
ent sub-splits and then averaging the different scores.

In order to compare univariate feature selection to multivariate feature selec-
tion implemented using RFE, we matched the number of voxels selected with 
the different univariate methods (univT; univW; univAct) to the number of voxels 
selected by RFE at the different iterations. Furthermore we evaluate the impact 
of an initial univariate voxel reduction based on activation (univActRed), both 
on multivariate (RFE) and univariate (univT; univW; univAct) feature selection 
methods. 

Recursive Feature Elimination.
Activation- and discrimination-based feature filtering consider each voxel in-

dependently, and thus do not take into account the intrinsic multivariate nature of 
the fMRI data. Wrapper methods, such as RFE, constitute a multivariate alterna-
tive to classical feature filtering that use the classifier itself to discard irrelevant 
features. Our implementation of RFE can be described with the following pseudo-
code:
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where LabelsRFEi
 are the trials’ classes in the training set TrainRFEi, and ( )w vi  is the 

discriminative weight for voxel v as obtained from the SVM training (see below). 
Before feature selection the SVM is trained multiple times on different subsets 
of the training data (TrainRFEi; i=1,…N). To perform feature selection the scoring 
function ( )S vRFE  is used.

The backward elimination procedure used to search the multidimensional 
space needs a stopping criterion to be defined. One possible solution is to termi-
nate the algorithm based on the generalization performances (e.g. performance 
drop compared to previous iteration). A more conservative choice is to proceed 
from the original feature set to the empty set or a set of desired dimensionality, 
which in cases of high dimensional feature spaces can be very time consum-
ing (Guyon et al., 2002). When the latter is chosen as stopping criteria the total 
number of iterations is controlled by the number of voxels discarded at each 
iteration and the optimal feature set is selected post-hoc based on the highest 
generalization performances. 

Linear Support Vector Machines (binary classification).
Let us consider a training set as in (1). In the general case of overlapping 

classes (i.e. non-linearly separable classes) the problem of finding the optimal 
separating hyperplane (defined by the normal w and the distance to the origin of 
the multidimensional space b) that maximizes the distance to the nearest training 
points of the two classes is defined as:

                                ( )min J aw w w2
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, ,b
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p
!                           (5)

subject to:
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T
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and:
                                , ,...,i T0 1i train$ =p                                           (7)

where , ,...,i T1i train=p  are slack variables that account for training errors and a 
is a positive real constant (Suykens et al., 2002). The solution is obtained using 
Lagrangian methods (Cristianini and Shawe-Taylor, 2000). Classification of new 
trials mnew  is obtained by evaluating:
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                      ( ).sign bw mT
new+                                      (8)

An absolute discriminative map can be obtained considering the vector w  
(i.e. voxels that contribute the most to the discrimination of the two classes are 
represented by high values of w ).

In the present paper, we use a variant of SVM known as ls-SVM. In the 
classical SVM formulation of Eq. (5-7) the optimal boundary between different 
classes is obtained by considering only the training point falling on the separat-
ing hyperplane (i.e. support vectors). In ls-SVM each training point is weighted in 
order to obtain the distinguishing hyper-surface (hyper-plane). The optimization 
problem for the general case of non separable classes is defined as:
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subject to:

                              ( ) , ,...,c b e i Tw m 1 1i
T

i i train+ = - =                    (10)
where c is a positive real constant (Suykens et al., 2002).    

fMRI data

Simulated time series
We simulated fMRI time series according to a design with two conditions 

with 30 trials per condition and each trial lasting 14440 msec (block design). The 
functional time series had a simulated TR of 3610 msec and functional voxel 

resolution of 2 x 2 x 2 mm3. 
These parameters were used 
in order to match the experi-
mental design and acquisition 
parameters used in the real 
fMRI data set also presented 
in this paper.  

The discriminative voxels 
(170 in total) were confined 
to two realistically shaped re-
gions (fig.2 top row) and be-
longed to one of two popula-
tions (condition1>condition2; 
condition2>condition1) whose 
spatial distribution was ran-
dom within the regions. We 
also simulated neighbouring 
regions (469 voxels in total) 

Figure 2: The simulated ROIs projected in the volume of a subject. In 
red the discriminative ROIs (170 2x2x2 voxels); in blue the active but 
non discriminative ROIs (469 2x2x2 voxels).
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that responded to both stimulation conditions without carrying specific discrimi-
native information (fig.2 bottom row).

The simulated BOLD responses were obtained by convolving the simulated 
stimulus with a standard hemodynamic response function modelled using a dou-
ble gamma function (Friston et al., 1998). At each voxel the simulated activations 
were added to temporally auto correlated noise obtained as:

             ( ) ( ) ( ),R t R t R t1 1a k k0 0= - + -t t                     (11)
where R0 is random Gaussian noise and ( . , . )N 0 5 0 1k+t  controls the amount of 
auto correlation at voxel k. 

We simulated the data at the level of the original time series and not at the 
level of the matrix (M) as it allows us to examine also the influence of the trial 
estimation step. For each active voxel we varied the signal-to-noise ratio (i.e. the 
response amplitude compared to the noise standard deviation; SNR), the con-
trast-to-noise ratio (i.e. the response differences compared to the noise standard 
deviation; CNR) and the variability of the BOLD responses to trials of the same 
stimulus condition (varBOLD), the latter defined in terms of percent of variability 
compared to the maximum response. Three different levels for SNR [0.3; 0.5; 
0.8], CNR [0.1; 0.3; 0.5] and varBOLD [10%; 20%; 60%] were used to produce 
27 simulated fMRI data sets.

Simulated functional time series were used to test the performances of a 
purely multivariate feature selection strategy (RFE). RFE was compared, match-
ing the number of selected voxels, to the performances of SVM based classifica-
tion preceded by purely univariate feature selection strategies based on t-test or 
Wilcoxon (univT; univW) and univariate activation based selection (univAct). 

Furthermore using univariate activation based ranking as initial voxels re-
duction strategy (i.e. selecting the union of the 2000 most active voxels for both 
conditions; univActRed) we evaluated its impact on multivariate feature selec-
tion (univActRed+RFE). Matching the number of selected voxels we compared 
univActRed+RFE to methods in which the same initial activation based reduc-
tion was followed by different univariate selection strategies (univActRed+univT; 
univActRed+univW) and to the case in which only activation based selection was 
used (univActRed+univAct). 

The RFE procedure comprised ten feature selection steps and each step was 
performed after training the SVM five times (N=5). In all the cases the number of 
discarded voxels at every step was computed so that the size of the final feature 
set equals the number of simulated discriminative features.

We quantitatively assessed the differences in sensitivity between the vari-
ous methods using Receiver Operative Characteristics (ROCs) curves computed 
based on the absolute discriminative maps obtained from each analysis. As a 
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figure of merit we computed the area under the curve in the false positive rate 
interval [0, 0.01] (Skudlarski et al., 1999, Sorenson and Wang, 1996, Fadili et al., 
2000). The sensitivity of the maps obtained using the different MVPA methods 
was compared to a conventional univariate analysis (GLM, t-test) in which the 
entire data sets were used and a design matrix consisting of three predictors (i.e. 
one for each condition and one accounting for a linear trend) was fitted to the 
data. The resulting absolute t-maps (one for each simulated data set) were used 
to compute ROC curves and consequently the area under the curve in the false 
positive rate interval [0, 0.01].

To evaluate the generalization performances (i.e. accuracies) at different 
CNR, SNR, varBOLD and feature selection levels we repeated all analysis ten 
times, each time leaving out a different subset of ten trials for each condition.

Real data
We examined the performances of our approach on real data using a time 

series from an auditory experiment on sound categorization performed in a 3T 
system (Siemens Allegra). Functional runs consisted of 23 axial slices obtained 
with a T2-weighted gradient echo, EPI sequence (TR 3.6 s; FOV 256 x 256; ma-
trix size 128 x 128, voxel size = 2 x 2 x 2 mm3). Anatomical images were obtained 
using a high resolution (1 x 1 x 1 mm3), T1-weighted sequence.

Stimuli consisted of 800 msec tonal sounds of four different categories (cats, 
girls [singing female voices], guitars and tones). The sounds were matched not 
only in length and RMS power but also in the temporal profile of the fundamental 
frequency, such that the perceptual pitch could be considered identical across 
categories. Stimuli were presented in blocks of four during silent periods between 
TRs, each block lasting 14440 msec. Stimulation blocks were followed by blocks 
of silence lasting 14440 msec. Each run consisted of 15 trials per condition pre-
sented in a pseudo-random order and lasted 30 min approximately. Results pre-
sented in this article were obtained using two functional runs of one subject. 

The fMRI data sets were subjected to a series of pre-processing operations. 
(1) Slice-scan-time correction was performed by resampling the time courses 
with linear interpolation such that all voxels in a given volume represent the signal 
at the same point in time. (2) Head movements were detected and automatically 
corrected by minimizing the sum of squares of the voxel-wise intensity differenc-
es between each volume and the first volume of the run. Each volume was then 
resampled in three-dimensional space according to the optimal parameters using 
trilinear interpolation. (3) Temporal high-pass filtering was performed to remove 
temporal drifts of a frequency below seven cycles per run. (4) Temporal low pass 
filtering was performed using a gaussian kernel with FWHM of two data points. 
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(5) After co-registration to the anatomical images collected in the same session 
the functional volumes were projected into Talairach space. (6) Moderate spatial 
smoothing with a Gaussian kernel of FWHM of three millimetres was performed 
on the volume time series.

After pre-processing, the two functional time series were used for the SVM 
based analysis as described in figure 1, which produced a total of 30 trials per 
condition. 

In particular we employed a purely multivariate feature selection strategy 
(RFE). RFE was compared, matching the number of selected voxels, to the per-
formances of SVM based classification preceded by purely univariate feature 
selection strategies based on t-test or Wilcoxon (univT; univW) and univariate 
activation based selection (univAct).

Using univariate activation based ranking as initial voxels reduction strategy 
(i.e. selecting the union of the 2000 most active voxels for all conditions; univAc-
tRed) we evaluated its impact on multivariate feature selection (univActRed+RFE). 
Matching the number of selected voxels we compared univActRed+RFE to meth-
ods in which the same initial activation based reduction was followed by different 
univariate selection strategies (univActRed+univT; univActRed+univW) and to the 
case in which only activation based selection was used (univActRed+univAct).

For the RFE procedure the same settings as for the analysis of the simulated 
data were used (ten feature selection levels; N=5; percentage of discarded vox-
els per feature selection step).

Generalization accuracies were estimated by repeating all analysis ten times 
each time leaving out a different subset of ten trials for each condition.

The same data set was also subjected to conventional univariate statisti-
cal analysis using BrainVoyager QX (Brain Innovation, Maastricht, The Nether-
lands). For all six possible contrasts, statistical parametric maps were computed 
searching for voxels that discriminated between conditions consistently in the two 
functional runs (conjunction analysis; Nichols et al., 2005) and were thresholded 
using false discovery rate (FDR, q=0.05). 

Results 
We compared different voxel selection methods in terms of their sensitivity 

to the true discriminative voxels (ROC analysis; Figure 3a, whole brain analy-
sis; Figure 4a, after initial activation based voxel reduction) and generalization 
performances (Figure 3b, whole brain analysis; Figure 4b, after initial activation 
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based voxel reduction). In what follows we detail the results obtained on the 
simulated and real fMRI data. For comparison, ROC power obtained using con-
ventional univariate statistical parametric mapping (GLM, bold line in Figure 3a 
and 4a), chance level (bold line in Figure 3b and 4b) and generalization perform-
ances obtained using only the simulated discriminative voxels (ROI; dotted line in 
Figure 3b and 4b) are reported.

Simulated fMRI Data
Whole brain analysis. When starting the analysis from the whole set of vox-

els (), selecting voxels univariately based on their activation results in higher 
ROC power (Figure 3a) and higher generalization performances (Figure 3b) than 
univariate discrimination based voxel selection. A purely multivariate voxel selec-

Figure 3: Results obtained 
on the whole brain analysis 
using different feature selec-
tion strategies at different 
CNR and SNR value (varBOLD 
fixed at 10% of the maximum 
response).

a)ROC power (defined as 
the area of the ROC curve 
in the false positive range 
of [0; 0.01]) of SVM based 
maps obtained for different 
numbers of selected voxels 
starting from the whole brain. 
b)Generalization performanc-
es of SVM based classifier are 
plotted for different number 
of selected voxels starting 
from the whole brain. 

Compared feature selection 
schemes are: 1) RFE; 2) uni-
variate discrimination based 
selection (univT; univW); 3) 
univariate activation based 
slection (univAct). Different 
methods are compared to 
classification obtained using 
only the discriminative voxels 
(dotted lines). The bold line 
represents the chance level 
(0.5).
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tion strategy (RFE) iteratively improves sensitivity to the discriminative pattern 
at CNR = 0.3 and CNR = 0.5 (Figure 3a) and improves generalization at CNR = 
0.5 (Figure 3b) but not at very low CNR levels (CNR = 0.1). Compared to RFE, 
activation based voxel selection has an advantage in terms of ROC power (Fig-
ure 3a) at CNR = 0.1 and CNR = 0.3. On the contrary, at the highest CNR level 
(CNR = 0.5) RFE outperforms activation based voxel selection both in terms of 
sensitivity (Figure 3a) and generalization (Figure 3b). These results can be ex-
plained considering the nature of the simulated discriminative voxels, which are 
few compared to the entire set and present activation levels (depending on the 
SNR) above the baseline noise. At high CNR levels, the discriminative informa-
tion is sufficient to drive the multivariate search despite the large number of irrel-
evant voxels. At lower CNR levels this is not the case and selecting univariately 
Figure 4: Results obtained 
from the combination of an 
initial univariate activation 
based voxel reduction and 
different voxel selection strat-
egies. Results are reported at 
different CNR and SNR value 
(varBOLD fixed at 10% of the 
maximum response).

a)ROC power (defined as 
the area of the ROC curve 
in the false positive range 
of [0; 0.01]) of SVM based 
maps obtained for different 
numbers of selected vox-
els starting from a subset of 
voxels selected using activa-
tion based reduction (univAc-
tRed). 
b)Generalization performanc-
es of SVM based classifier are 
plotted for different number 
of selected voxels starting 
from a subset selected using 
univariate activation based 
reduction (univActRed). 

Compared feature selection 
schemes are: 1) RFE; 2) uni-
variate discrimination based 
selection (univT; univW); 3) 
univariate activation based 
slection (univAct). Different 
methods are compared to 
classification obtained using 
only the discriminative voxels 
(dotted lines). The bold line 
represents the chance level 
(0.5).
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the voxels based on their activation proves to be more effective. This suggests 
the combination of univariate activation based voxel selection and RFE as a 
promising strategy for MVPA.

 Combination of univariate and multivariate voxel selection. Figure 4 
shows that – after univariate activation based voxel reduction – iteratively prun-
ing the voxels based on their multivariate information (univActRed+RFE) clearly 
outperforms both in terms of sensitivity (Figure 4a) and generalization perform-
ances (Figure 4b) all other feature selection strategies. This same strategy pro-
vides the highest performances also compared to whole brain analysis (compare 
figure 4 and 3) and allows approaching close-to-optimal levels of classification, 
as defined by those obtained using only the discriminative voxels (dotted lines in 
figure 4b).  Improvements are not observed only at CNR = 0.1, this can be due 
to the fact that at this CNR level, even using only the discriminative voxels, clas-
sification performances are close to chance level. 

 Performances decrease when the variability of the BOLD response in-
creases. Figure 5 shows for univActRed+RFE ROC power and generalization 
at different SNR and varBOLD levels for different CNRs. Both sensitivity and 
classification performances are negatively affected by the variability of the BOLD 
response. As expected, the decrease in performances with increasing variability 
is stronger at lower CNRs and SNRs where the intra-class distance in the multi-
variate space is lower.

Real Data
Figure 6 and 7 show the results 

obtained using SVM based classifi-
cation and different feature selection 
schemes on the real fMRI data.

RFE improves Single Trials classi-
fication performances. Figure 6 shows 
the SVM based classification perform-
ances for the six possible contrasts at 
different feature selection levels for dif-
ferent feature selection methods. Both 
when starting from the whole brain 
(figure 6a) or after an initial voxel re-
duction based on single conditions ac-
tivation levels (figure 6b), the highest 
classification performances for each 
contrast are obtained using RFE. Im-

Figure 5: ROC power (a) and generalization performances 
(b) obtained using univActRed+RFE at different SNRs and 
varBOLD levels reported for different CNR values.
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provements in classification of single trials are visible for each contrast espe-
cially when RFE follows an initial univariate feature selection based on activa-
tion measures (figure 6b). In Table 1 we report for each binary classification the 
percentage of correct classification obtained using univActRed+RFE, the optimal 

Figure 6: Classification performances obtained on the real data set for each binary com-
parison in the discrimination of sound categories; a)Performances of different feature 
selection schemes on whole brain analysis; b)Performances of different feature selection 
schemes after an initial univariate activation based voxel reduction.

feature selection level (and the corresponding number of voxels used in the clas-
sification), the size of the improvement (highest classification performance minus 
classification performance at the initial feature selection step). For comparison 
we also report the percent difference in classification between univActRed+RFE 
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and the closest performing method at the same feature selection level.

Girl/Gui-
tar

Girl/Cat Girl/Tone Guitar/
Cat

Guitar/
Tone

Cat/Tone

Correct
Classification

66% 58% 65% 61% 65% 67%

Optimal 
Level 

(univActRed+RFE)

10 
(NrVox = 
236)

4 
(NVox = 
2002)

10
(NrVox = 
236)

7 
(NrVox = 
687)

9 
( N r Vo x 
= 337)

7 
(NrVox = 
687)

Improvement
Size

(univActRed+RFE)

10% 2% 12% 6% 9% 3%

Difference to
 closest 
method

7%
(univActRed
+
univW)

3% 
( u n i v A c -
tRed+
univT)

5% 
(univActRed
+
univAct)

2% 
(univActRed
+
univAct)

5% 
( u n i v A c -
tRed+
univT)

3% 
(univActRed
+
univAct)

Figure 7 shows detailed results obtained using classical univariate mapping 
(GLM, first column) and RFE after univariate activation based voxel reduction 
(univActRed+RFE) (second column) for the six different discriminations. GLM 
based contrast maps show voxels with significant activation differences that were 
consistent in the two functional runs and were thresholded using false discovery 
rate (FDR, q=0.05), univActRed+RFE absolute discrimination maps represent 
the best 20% of selected voxels at the optimal feature selection level, as defined 
by the highest generalization performances. Generalization performances at dif-
ferent feature selection levels are reported as median, lower and upper quartile 
across the different iterations. The optimal feature selection level is highlighted 
and chance level is reported for comparison as a dashed line. 

The sixth contrast (cat vs. tone) shows significant bilateral univari-
ate differences. The same areas are highlighted as most discriminative using 
univActRed+RFE, with highest generalization performances (0.67) obtained at 
the seventh iteration. Similar generalization performances are obtained for the 
other contrasts (girl vs. guitar: 0.66; girl vs. cat: 0.58; girl vs. tone: 0.65; guitar vs. 
cat: 0.61; guitar vs. tone: 0.65) at different feature selection levels. Note that none 
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Table 1

Summary of results obtained on the real data analysis when RFE is applied after initial voxel reduction obtained using 
univariate activation based ranking.
Improvement size is defined as the highest generalization performances minus the generalization performances at the 
first feature selection level. 
Optimal feature selection level (number of voxels used in the classification are reported in brackets) is defined as the 
level at which the highest classification performances are obtained, for each contrast.
The difference to the closest performing method (reported in brackets) at the same feature selection level is also 
reported.



87

of them show significant univariate differences. For all contrasts, maps obtained 
with univActRed+RFE highlight bilateral discriminative regions along the supe-
rior temporal gyrus, both anterior and posterior to the primary auditory regions 
located along the Heschl’s gyrus.  

In order to compare the real data results with the simulation results we com-
puted the SNR, CNR and BOLD variability of the real data for each contrast in the 
voxels that produced the highest generalization results. Using these computed 

Mapping fMRI patterns using Support Vector Machines and Recursive Feature 
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Figure 7: Detailed results obtained on the real data set for each binary comparison in the discrimination of sounds 
categories. GLM maps (first column) are projected over the inflated cortex of the subject and thresholded at a q=0.05 
(FDR corrected). Discriminative maps obtained using univActRed+RFE at the optimal feature selection level (second 
column) are projected over the inflated cortex of the subject and thresholded in order to visualize the best (most 
discriminative) 20% of the voxels. Generalization results (median, lower, upper quartile and dispersion) (third column) 
obtained using univActRed+RFE at different feature selection levels, the best level is highlighted.
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values and the generalization performances we determined the closest simulation 
case and estimated from the corresponding parameter values the ROC power for 
the real data. The results are reported in Table 2. Accepting a false positive rate in 
the interval [0, 0.01] all contrasts are in the ROC Power interval [0.61, 0.67].

Girl/Gui-
tar

Girl/Cat Girl/Tone Guitar/
Cat

Guitar/
Tone

Cat/
Tone

SNR 0.26 0.28 0.25 0.30 0.25 0.26

CNR 0.32 0.26 0.30 0.31 0.30 0.34

varBOLD 0.11 0.12 0.12 0.11 0.12 0.11

%Correct 66 58 65 61 65 67

ROC Power 0.65 0.61 0.66 0.67 0.66 0.67

 

Discussion
Differently from conventional univariate statistical analyses, machine learn-

ing techniques take advantage of the multivariate nature of the fMRI data and 
highlight maximally discriminative spatial patterns. While these methods offer a 
sensible advantage compared to conventional univariate mapping in the case of 
low contrats-to-noise scenarios, the main challenge in their application to fMRI is 
dealing with the large number of voxels in combination with a rather low number 
of trials of a typical scan. Performances of pattern recognition methods such 
as SVMs are in fact known to degrade with the increasing number of irrelevant 
features.

In the present article we have described and evaluated an approach for 
fMRI pattern discrimination analysis based on Support Vector Machines and a 
combination of univariate and multivariate feature selection strategies. Using this 
approach, the search for multivoxel discriminative patterns is iterative and data 
driven, thus minimizing the number of required spatial assumptions on the loca-
tion and extent of the patterns. 

Compared to previous approaches employing whole brain analyses (Mour-
ao-Moranda et al., 2005), the evaluated method increases the sensitivity for the 
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Table 2

Generalization performances on the real data set reported together with estimated CNR, SNR, BOLD variability and 
sensitivity (i.e. ROC power for the false positive rate interval [0; 0.01]).
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discriminative patterns, especially when they include a relatively small number 
of voxels compared to the whole data set (sparse discriminative patterns). This 
method can thus be seen as a useful solution when specific hypotheses on the lo-
calization (Haynes et al., 2005, Kamitani et al., 2005) and/or dimension (Krieges-
korte et al., 2005) of the spatial patterns are not available. 

In our approach, the search of patterns is based on the Recursive Features 
Elimination (RFE) algorithm (Guyon et al., 2002), which iteratively eliminates the 
least discriminative features based on multivariate information as detected by the 
classifier (Support Vector Machine) itself.

In a previous publication Carlson et al. (2003) used a “knock out” procedure 
to examine the degree of overlap in information between the representations 
of different object categories (chairs, faces and houses) in the visual cortex. In 
particular the procedure aimed to compare the reduction in classification per-
formances of a stimulus category (e.g. chairs) in two cases: first, when the dis-
criminant direction between a stimulus category and all other categories was 
removed (chairs vs. faces and houses) and second, when the discriminant di-
rection of another stimulus was removed (faces vs. chairs and houses). This 
“virtual lesion” approach was implemented projecting the multivoxel patterns on 
the different category-specific discriminant hyperplanes (i.e. removing the direc-
tion of the category specific maximum discrimination in the multivoxel space) and 
subsequently evaluating the performance losses for each category. The authors 
showed that removing a category specific discriminant reduced the classification 
of all other categories only in part. These results suggest that there is not a com-
plete overlap between the representations of the different object categories in 
the visual cortex. While the aim of the knock out procedure of Carlson et al. is to 
evaluate the similarity between the multi voxel patterns elicited by different stimu-
lation conditions, RFE aims to optimize in a multivariate and data driven way the 
discriminative information between different categories. In particular, while RFE 
removes at each iteration the least discriminant voxels the knock out procedure 
of Carlson et al. removes a direction in the feature space which is a weighted 
average of all voxels.

Results of our simulations show that the combination of RFE and univariate 
activation based reduction of voxels ensures the highest sensitivity and gener-
alization performances (see figure 4). In particular, when RFE is applied after an 
initial univariate activation-based voxel reduction there is a sensible advantage 
compared to the case the same initial voxel reduction is followed by univariate 
discrimination or activation based selection, especially at very low CNRs (see 
figure 4 a-b). This is a consequence of assuming that, at single voxel level, BOLD 
changes of a condition compared to the baseline are greater than BOLD differ-
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ences between conditions (SNR > CNR), which appears as a realistic assump-
tion in most fMRI studies. This result confirms previous comments on the use 
of univariate feature selection methods to MVPA (Mitchell et al., 2004, Mourao-
Miranda et al., 2006). Because of the reduced sensitivity of univariate statistics 
at low SNRs/CNRs the most appropriate choice for combining univariate and 
multivariate features selection is to use rather liberal thresholding for univariate 
selection (which prevents the exclusion of potentially informative voxels) and fur-
ther discard irrelevant voxels based on the multivariate scoring function. 

Also alone, the recursive proves to be more sensitive than conventional uni-
variate analysis (General Linear Model; figure 3a) and shows sensible improve-
ments with decreasing number of voxels (figure 3 a-b). In our simulations, indeed, 
both ROC power and generalization performance increased with feature selec-
tion level, with the latter approaching optimal values, i.e. those obtained using 
only the simulated discriminative voxels (figure 4b). Note that the superiority of 
the combined approach (univActRed+RFE) compared to the purely multivariate 
approach (RFE) is due to the chosen strategy to use a constant value for the total 
number of feature selection steps in the different methods. Better performances 
might be obtained allowing the multivariate approach to exhaustively search the 
whole set of features with a larger number of smaller steps. However, this would 
require a much longer computational time.

Our simulations did not consider the case in which discriminative patterns 
are not represented by regions that do not show a global main effect of activa-
tion (Haynes et al., 2007), in which case using RFE without univariate activation 
based pre selection may prove to be more sensitive. More generally, available 
a-priori information on the nature of the effects of interest (e.g. presence of a glo-
bal main effect) or on its location may aid and guide the chosen feature selection 
strategy. As shown by the simulation results, perfect anatomical knowledge of 
the location of the discriminative patterns (ROI approach) proves to be the most 
sensitive method. Our RFE-based approach, on the other hand, allows searching 
for discriminative patterns in a more “data driven” way with no initial assumption 
on their location. The analysis of the real data shows an illustrative case. For 
sound categorization, little is known on the exact localization of the discriminating 
patterns within the human auditory cortex and defining anatomical or functional 
landmarks is not straightforward. Using RFE we were able to map these discrimi-
native patterns and improve the generalization performance compared to the ini-
tial anatomical selection of voxels.

Furthermore our simulations were limited to the case of two sparse and 
spatially distributed populations of voxels without explicit covariances between 
them (e.g. functional and effective connectivity). The observed superiority of the 
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multivariate analysis compared to the mass-univariate GLM is thus due to the 
integration of weak univariate differences irrespective of the sign of the discrimi-
native information, which also explains its advantage compared to conventional 
smoothing (Kriegeskorte et al., 2006). In such cases, combining RFE with classi-
fiers other than the ls-SVM (e.g. GNB) would produce similar results. More gener-
ally, however, the presence of functional and effective connectivity among voxels 
may affect the final outcome of our method. In fact, while the proposed RFE 
procedure can be applied to any algorithm, the weighting of individual features is 
algorithm-dependent and may be influenced by the way the classifier handles the 
covariance between the features.

We tested the same approaches on fMRI time series obtained in an audi-
tory experiment with sounds from different categories. In line with the results 
from the simulations, RFE preceded by activation based univariate voxel reduc-
tion selection (univActRed+RFE) produced the highest generalization perform-
ances and the recursive approach to feature elimination improved generalization 
performances in all contrasts (figure 6; Table 1). Classical univariate mapping 
failed to reveal discriminative regions for all contrasts except the sixth (cat vs. 
tone) (figure 7, first column). As expected, in this latter case, discriminative maps 
produced by univActRed+RFE overlapped with GLM contrast map and were ac-
companied by above chance generalization performances (cat vs. tone: 0.67). In 
all other contrasts, despite the lack of statistically univariately significant voxels 
in standard GLM analysis, our approach reached comparable generalization per-
formances (girl vs. cat: 0.58; girl vs. guitar: 0.66; girl vs. tone: 0.65; guitar vs. cat: 
0.61; guitar vs. tone: 0.65). The discriminative spatial patterns as highlighted by 
univActRed+RFE comprise multiple non neighbouring regions in the anterior and 
posterior portions of the superior temporal gyrus, in both the right and left auditory 
cortex. These results are consistent with the notion of a ‘what’ auditory process-
ing stream originating in the superior temporal areas, anterior to the Heschl’s 
gyrus (Belin et al., 2000a, Belin et al., 2000b, Rauschecker et al., 2000, Lewis et 
al., 2005) and with recent fMRI studies which point to a relevant role of STS in the 
representation and processing of complex sounds (Warren et al., 2005). A full ac-
count of these results, including a group, is given in Staeren et al. (submitted).   

One possible drawback of the application of RFE is the backward elimination 
strategy, which requires setting of several parameters, the most relevant being 
the number of iterations and the number of features to discard at each iteration. 
Searching exhaustively the whole feature set would require a large number of 
iteration with few discarded voxels at each iteration. Especially in fMRI, however, 
such an approach would result in very long computational time. In the present 
paper we selected a relatively small but practically feasible number of feature 
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selection steps (10) and discarded, at each iteration, a fixed proportion of the 
current number of features computed based on the desired final set size. While 
arbitrary, this choice proved to be effective both in the case of the simulations 
and of the real data. It should be noted, however, that different data sets may 
require different settings. Other multivariate feature selection methods, such as 
the embedded algorithm by Rakotomamonjy (2003) suffer from similar problems, 
as the discriminative feature set size has to be chosen after the optimization is 
terminated. The application of these methods, thus, requires heuristic choices, 
compromising practical feasibility and optimal search criteria.

The single trial estimation procedure we outlined in this paper was designed 
for block or slow event related designs for which one may derive a response-pat-
tern estimate for each block/event (or even TR). This is not possible with rapid 
event related designs. In these cases, applying MVPA requires subdividing the 
measurements in many sub parts, each one including a sequence of trials that 
allows for estimating condition response patterns. Assuming linearity of BOLD 
responses, one obtains a response-pattern estimate from each of these sub-runs 
that can then be used as those obtained from a slow event related design. After 
trial estimation, application of RFE is identical as in blocked or slow event related 
designs.

Another methodological consideration regards the possibility of defining a 
statistical threshold for the maps produced by the SVM classifier. As described in 
previous publications a statistical threshold for the single subject maps could be 
obtained by permutation testing (Mourao-Miranda et al., 2005, Wang et al., 2007) 
or randomization (Kriegeskorte et al., 2006). Another possibility for the group level 
maps is to perform random effect analysis across subjects (Wang et al., 2007).  

The ROC analysis performed to evaluate the sensitivity of our approach on 
the simulated data sets is independent of the threshold as the true positive and 
false positive ratios are computed for a range of thresholds. For real data, maps 
are thresholded such that 20% of the most discriminative voxels at the optimal 
feature selection level are shown. Note that in this case the selected voxels pro-
vide significant generalization performances in the classification of new trials and 
the results reported in Table 2 indicate that the proposed approach is sensitive to 
the underlying discriminative patterns.
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Conclusions
We illustrated different strategies to perform feature selection for pattern dis-

crimination analysis of fMRI data and introduced a novel, data-driven feature 
selection strategy that uses multivariate information. Our results show that the 
combination of univariate (activation based) and multivariate feature selection 
outperforms other techniques when no a priori information is available on the size 
and location of the pattern of interest.

The proposed method could be extended to the multivariate analysis of data 
from other imaging modalities (perfusion MRI, PET, optical imaging, EEG, MEG) 
or to their combination. In the latter, feature elimination could be applied in the 
multidimensional space of features extracted from different methods (e.g. voxels 
of fMRI and time points of EEG) and used to reveal the most discriminative set of 
multi modal features.
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Who’s saying what? Decoding speech 
content and speaker identity from 
auditory cortical activity. 4

Abstract
We decipher speech content (‘what’ is being said) and speaker identity (‘who’ 
is saying it) from observations of sound-evoked brain activations of listeners. 
By combining machine learning with functional MRI, we unravel the distributed 
and overlapping auditory cortical fingerprints of linguistic units (vowels) and 
speakers’ voices. These fingerprints are insensitive to acoustic variations of 
the input and allow robust brain-based speech decoding and speaker identi-
fication.

Based on: 
Formisano, E., De Martino, F., Bonte, M., Goebel, R. (2008). Who’s saying what? Decoding 
speech content and speaker identity from auditory cortical activity. (submitted)
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In everyday life, we automatically and effortlessly decode speech into lan-
guage independently of ‘who’ speaks. Similarly, we recognize a speaker’s voice 
independently of ‘what’ she/he says. Cognitive and connectionist models postu-
late that this efficiency depends on the crucial ability of our speech perception 
and speaker identification systems to extract relevant features from the sensory 
input and form computationally efficient abstract representations (Luce et al., 
2000; McClelland and Elman, 1986; Norris, 1994). A defining property of these 
representations is their invariance with respect to changes of the acoustic input, 
which ensures efficient processing and confers to both systems a high robust-
ness to noise or to signal distortion. 

As a noticeable example of these representations, relevant psycholinguist 
models  consider abstract entities such as phonemes as the building blocks of 
the chain of computations that transform an acoustic waveform into a meaningful 
concept (Luce et al., 2000; McClelland and Elman, 1986; Norris, 1994). Pho-
nemes are not contingent to a specific acoustic implementation so that different 
waveforms can be associated with the same phonemic token (e.g. the same 
vowel spoken by different persons). Along the same line, there is psychoacoustic 
evidence that the identification of a speaker relies on the extraction of invariant 
paralinguistic features of his/her voice, such as fundamental frequency and tim-
bre, which do not depend on the actual speech content (Belin et al., 2004). 

The neurological basis of speech (phoneme) and voice processing has 
been investigated in numerous functional MRI (Belin et al., 2000; Binder et al., 
2000; Desai et al., 2008; Liebenthal et al., 2005; Obleser et al., 2006; Obleser 
et al., 2007; Scott et al., 2000), electro- and magneto-encephalography studies 
(Näätänen, 2001; Näätänen et al., 1997; Obleser et al., 2004; Shestakova et al., 
2004).  By comparing speech or vocal sounds to control sounds, several corti-
cal regions in the superior temporal cortex have been characterized in terms of 
their ‘selectivity’ or ‘specialization’ for individual features that are relevant to the 
‘speechness’ or ‘voiceness’ of the stimuli. In particular, results suggest the in-
volvement of a left lateralized cortical network of superior temporal areas (Scott 
and Johnsrude, 2003) for the processing of speech (phonemes), and of a right 
lateralized set of auditory regions along the superior temporal sulcus (STS) for 
the processing of voice and speaker identity (Belin et al., 2004). The timing of 
these processes has been estimated between 100 to 350 ms after speech/voice 
onset (Belin et al., 2004; Näätänen, 2001). 

The subtraction-based experimental logic used in these previous studies, 
however, only allows partial and indirect inferences on the nature and properties 
of the cortical representations of a speech sound and on the neurocomputational 
mechanisms that our brain uses for transforming the acoustic input into speech 
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content and/or speaker identity. It remains unknown, for example, whether an 
abstract (i.e. not contingent to a specific acoustic implementation) representation 
of speech content (phoneme) and of speaker identity is formed already at level of 
the auditory cortex or only at following stages of cortical processing.   

Here we combine single-trial fMRI with machine learning to directly map the 
representations of basic linguistic units (vowels) and speakers’ voices in the hu-
man auditory cortex. Using a novel iterative algorithm that allows modelling of 
spatially distributed as well as localized (clustered) response patterns (De Mar-
tino et al., in review), we asked whether the observation of the neural activation 
‘fingerprint’ of a speech sound (vowel) is sufficient to decipher its content (‘what’ 
is being said) and the identity of the speaker (‘who’ is saying it). Furthermore, we 
directly test the invariance of these cortical fingerprints with respect to acoustic 
variations of the input, by examining the performance of a brain based classifier 
in recognizing speech content from novel speakers and in recognizing speakers 
with novel speech content.

High spatial resolution (1.5 mm x 1.5 mm  x 2 mm) functional images of 
the auditory cortex were collected while participants listened to speech sounds 
consisting of 3 Dutch vowels (/a/, /i/, /u/) recorded from 3 native Dutch speakers 

Figure 1: Experimental design and spectrograms of the nine stimuli (3 vowels x 3 speakers).

Who’s saying what? Decoding speech content and speaker identity from auditory 
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(sp1, female; sp2, male; sp3 male) (see Methods and Figure 1) and presented in 
a slow event-related fMRI design. 

All sounds evoked significant blood oxygenation level dependent (BOLD) 
responses in a wide expanse of the superior temporal cortex, including early au-
ditory areas (Heschl’s gyrus) and multiple regions in the planum temporale (PT), 
along the superior temporal gyrus (STG), the superior temporal sulcus (STS) and 
the middle temporal gyrus (MTG). With univariate contrasts, only weak (below 
significance) or no response differences between conditions were found (see 

Figure 2), did allow decoding of neither the sound content nor the speaker. Af-
ter this initial analysis, we examined whether jointly considering the activations 
measured at many cortical locations would make this decoding possible. 

We performed two complementary analyses: First, we labelled the stimuli 
and corresponding response patterns according to the ‘vowel’ dimension irre-
spective of the ‘speaker’ dimension, which led to the grouping of stimuli and 
responses in the three conditions /a/, /i/, and /u/ (vowel learning). We then exam-
ined whether our recursive machine learning algorithm (see Methods), after be-
ing trained with a subset of labelled brain responses (40 trials), would accurately 
classify remaining unlabelled responses (10 trials, see Methods). In all subjects 

Figure 2: Upper panel: Example of auditory cortical activation in response to the speech sounds as estimated using 
univariate general linear model analysis (F map, single subject). Lower panel: Event-related BOLD responses to the 
nine experimental conditions.  
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and in all possible pair wise comparisons, the recursive algorithm was successful 
in learning the functional relation between sounds and corresponding spatial pat-
terns and classified the unlabelled sound-evoked patterns accurately (/a/ vs /i/ = 
0.65 (mean accuracy), P = 6 · 10-5; /a/ vs /u/ = 0.69, P = 2 · 10-5; /i/ vs /u/ = 0.63, 
P = 4 · 10-4; see Figure 3c for median and range of these accuracy levels).

Second, we labelled stimuli and corresponding response patterns  accord-
ing to the ‘speaker’ dimension irrespective of the ‘vowel’ dimension, which led 
to grouping of stimuli and responses in the three conditions sp1, sp2, and sp3 

Figure 3: Group discriminative maps (a, b), classification (c, d) and generalization (e, f) accuracies for the all pair 
wise discriminations of vowels (a, c, e) or speakers (b, d, f) over all subjects (n=7).  Group discriminative maps were 
obtained from cortex-based realignment of individual discriminative maps and represent the cortical locations that 
are maximally informative with respect to the discrimination of vowels (red color, a) or speakers (blue color, b).  A 
colored vertex in the map indicates that the colored location was present in at least four out of the seven individual 
maps. Classification accuracies in c and d refer to the brain based machine learning of vowel (speaker) performed 
with training and testing samples from all speakers (vowels). Generalization accuracies in e and f refer to the brain 
based machine learning of vowel (speaker) using testing samples from speakers (vowels) other than those used for 
training. Outlined regions in a, and b, indicate cortical regions that were included in the group discriminative maps for 
this latter generalization analysis.

(speaker learning). Also in this case, machine learning was successful and in all 
subjects and in all possible pair wise comparisons the classification was accurate 
(sp1 vs  sp2  = 0.70, P = 3 · 10-5; sp1 vs sp3 = 0.67, P = 8 · 10-5; sp2 vs sp3 = 
0.62, P = 2 · 10-5; see Figure 3d). 

These results indicate that auditory fMRI activation patterns evoked by a 
presentation of a single sound possess enough information for identifying accu-
rately speech content or identity of the speaker. 

 To investigate the spatial layout and the consistency across subjects of the 
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spatial patterns that make this decoding possible, we generated group discrimi-
native maps, i.e. maps of the locations that contribute most to the discrimination 
of conditions (Figure 3a and Figure 3b).  These maps were obtained by cortical 
realignment of individual discriminative maps, which included only locations that 
“survived” the recursive elimination of irrelevant features in the algorithm (see 
Methods). A coloured vertex in the group maps indicates that the corresponding 
location was present in at least four out of the seven individual discriminative 
maps.

The activation patterns that discriminated between the three vowels (red 
maps in Figure 3 and Figure 4) were widely distributed in the superior temporal 
cortex. Discriminative patterns included regions in the anterior-lateral portion of 
the Heschl’s gyrus/Heschl’s sulcus, in the PT (mainly in the left hemisphere), and 
extended portions the STS/STG (both hemispheres). The activation patterns that 
discriminated between the three speakers (blue maps in Figure 3 and Figure 4) 
were more localized than those obtained for vowel discrimination. These patterns 
included regions in the lateral portion of the Heschl’s gyrus/Heschl’s sulcus (both 
hemispheres), located in the posterior adjacency of similar regions described for 
the vowel discrimination (see the superimposition of maps in Figure 4) and three 
prominent and clustered regions along the anterior-poster axis of the right STS. 

The group discriminative maps for ‘vowel’ and ‘speaker’ learning highlighted 
three noticeable differences between the cortical representations of speech con-
tent and speaker identity. First, the overall distribution of informative locations 
across hemispheres was symmetrical for the ‘vowel’ but highly asymmetrical - 
with right hemispheric dominance - for the ‘speaker’ discriminative map.  Second, 
whereas the maps resulting from the ‘speaker’ learning consisted of a small set 
of clustered regions, the ‘vowel’ learning analysis resulted in extended patterns 
covering most of the activated auditory cortex. Third, although some overlap ex-
ists between the two discriminative maps (purple colour in Figure 4), the cortical 
representations of ‘speaker’ and ‘vowel’ are clearly disjoint (see red and blue 
colour in Figure 4).  

Encouraged by the results of these analyses, we tested the capability of our 
machine learning algorithm to decipher the brain activity into speech content and 
speaker identity also in the case of completely novel speech stimuli (i.e. stimuli 
not used during the training). We thus trained the iterative learning algorithm in 
discriminating vowels with samples from one speaker (e.g. /a/ vs /i/  for sp1) and 
tested the accuracy of this discrimination in the other speakers (e.g. sp2 and 
sp3). Analogously, we trained the learning algorithm in discriminating speakers 
with samples from one vowel (e.g. sp1 vs sp2 for /a/) and tested the accuracy of 
this discrimination in the other vowels (e.g. /i/  and /u/). Note that with this train-
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ing strategy, stimuli used for training and for testing differ in many acoustical 
dimensions. An accurate decoding of activation patterns associated with the test 
stimuli would thus indicate that the learned functional relation between a cortical 
activation patterns and a vowel (or a speaker) entails information on that vowel 
(or speaker) beyond the contingent mapping of its acoustic properties.

Despite the small number of training samples (10), the classification of novel 
stimuli was accurate in all subjects and in all possible pair wise comparisons, 
both in the case of vowel discrimination (/a/ vs /i/ = 0.66 (mean accuracy), P = 1 · 
10-6; /a/ vs /u/ = 0.62, P = 3 · 10-5; /i/ vs /u/ = 0.60, P = 7 · 10-5; see Figure 3d) and 
in the case of speaker discrimination (sp1 vs  sp2  = 0.62 (mean accuracy), P = 6 

Figure 4: Superposition of the cortex-based aligned group discriminative maps for vowel (red) and speaker (blue) with 
a zoomed-in detail showing the relation between the informative patterns.
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· 10-6; sp1 vs sp3 = 0.65, P = 8 · 10-7; sp2 vs sp3 = 0.63, P = 2 · 10-6; see Figure 
3e). Although sparser, the corresponding discriminative maps included a subset 
of the locations highlighted by the previous analyses (see outlined regions in Fig-
ures 3a and 3b). These results show the capability of the brain based classifier to 
generalize the discrimination of vowels across speakers and of speakers across 
vowels. In other words, the classifier, after learning to discriminate the vowels in 
one speaker, was able to accurately discriminate the vowels in novel speakers. 
Similarly, speakers were identified also when they articulated a novel vowel. 

Our findings demonstrate that estimation of the neural activation ‘fingerprint’ 
of a speech sound (vowel) is sufficient to decipher its content (‘what’ is being 
said) and the identity of the speaker (‘who’ is saying it). Furthermore, our results 
show that the auditory cortex entails representations of both ‘vowel’ and ‘speaker’ 
identity. The representation of ‘vowel’ is speaker-invariant and the representation 
of ‘speaker’ is vowel-invariant, thus supporting computational models that postu-
late the existence of these intermediate representations.    

Based on the copious neuroimaging literature, one would have expected 
these representations to be sustained by a limited set of specialized and sepa-
rated regions.  Our findings, obtained without the constraints posed by a sub-
traction-based approach and with an advanced analysis strategy that allows ex-
amining localized as well as distributed response patterns, were only in partial 
agreement with these predictions. 

The group-map of ‘speaker’ discrimination is in agreement with the expecta-
tions of previous studies, as it includes a set of clustered regions strongly lateral-
ized to the right STS. These regions presumably correspond to those that have 
been implicated in the processing of human voices and speaker identity (Belin 
and Zatorre, 2003; von Kriegstein et al., 2003; von Kriegstein et al., 2005). In 
particular, the most anterior right STS cluster in our discriminative maps clearly 
resembles a region that has been described in a previous study that employed 
fMR-adaptation to investigate the (localized) neuronal representation of speaker 
identity (Belin and Zatorre, 2003). Possibly due to the greater sensitivity of our 
multivariate approach, our findings suggest that also other regions concur to the 
discrimination of speakers and representation of speaker identity. Conversely, 
our map of ‘vowel’ discrimination prompts for a revision of current models on 
processing of vowels based on the existence of localized and functionally spe-
cialized modules. Informative locations in the ‘vowel’ map were widely distributed 
and covered a large part of the activated auditory cortex in the left and right 
hemisphere. In the left hemisphere, discriminative patterns covered mainly the 
Heschl’s sulcus, the planum temporale and the posterior extent of the STG, while 
in the right hemisphere they covered the Heschl’s sulcus and the STS. Interest-
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ingly, these locations include regions which have been separately reported in 
fMRI study that investigated processing of vowels using different sets of subtrac-
tions and control sounds (Jancke et al., 2002; Liebenthal et al., 2005; Obleser et 
al., 2006; Obleser et al., 2007; Scott et al., 2000; van Atteveldt et al., 2004). Also 
considering the distributed nature of the patterns obtained with the generaliza-
tion analysis (see dotted lines in Fig. 3a), our findings suggest that an ‘abstract’ 
representation of a vowel emerges from the joint encoding of information oc-
curring not only in a specialized higher level region but also in auditory areas 
conventionally associated with “lower-level” auditory processing. Understanding 
how these “lower-level” auditory areas contribute to a “higher-level” representa-
tion of a stimulus will require a detailed knowledge not only of the spatial aspects 
but also of the temporal dynamics of neural activations and interactions in these 
areas. In humans, this may be achievable by combining fMRI with high temporal 
resolution electroencephalography (EEG) or magnetoencephalography (MEG). 
In animal models, results that are compatible with our findings and interpretation 
have been recently reported (Mesgarani et al., 2008; Nelken, 2004; Wang et al., 
2005).    

Combining a two-factorial design with machine learning also allowed us to 
optimally investigate, in the same subjects and with the same stimuli, the rela-
tion between the processing of ‘what’(speech)  and ‘who’ in the auditory cortex. 
Note that the ‘speaker’ discrimination and the ‘vowel’ discrimination maps were 
obtained using identical data and an identical learning algorithm and that the 
only difference between the two analyses consisted in the grouping of stimuli. 
Also, classification accuracies were comparable for both the analyses. Observed 
differences in the discriminative maps thus reflect genuine differences in the 
informative activation patterns driving the two brain-based learning processes.  
While a large overlap between the two maps exists, there are also compelling 
differences. In particular, the presence of two adjacent speaker-informative and 
vowel-informative regions in the lateral portion of the right Heschl’s gyrus/He-
schl’s sulcus (see Figure 3) suggests an early parallel processing of acoustic 
information relevant for speaker or vowel identification. This finding predicts the 
presence of an ‘early’ temporal marker for processing of voices similar to ones 
reported for processing of speech in previous EEG and MEG studies (Näätänen, 
2001; Obleser et al., 2004) . 

    In conclusion, our study demonstrates the feasibility of ‘brain reading’ the 
speech content and the speaker identity from observation of auditory cortical 
activation patterns of the listeners. In our experimental setting, however, speech 
content was as simple as a vowel, the number of sounds among which the dis-
crimination had to be done was reduced; furthermore all sounds were presented 

Who’s saying what? Decoding speech content and speaker identity from auditory 
cortical activity.



106

in isolation. Extension of our results to identify a speaker, a word or concatenation 
of words among many others, possibly in the context of ‘real life’ situations and 
complex auditory scenes provides compelling challenges for future research and 
experiments. 
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Methods

Subjects
Seven (3 females) healthy native Dutch subjects gave their written informed 

consent and participated in the study. None of the participants had a history of 
hearing loss or neurological abnormalities. Approval for the study was granted 
by the Ethical Committee of the Faculty of Psychology at the University of Maas-
tricht. 

Auditory stimuli
Stimuli were nine speech stimuli consisting of three natural Dutch vowels (/a/, 

/i/, and /u/) spoken by three native Dutch speakers (sp1: female, sp2: male, and 
sp3: male). We included three tokens of each vowel for each speaker, leading to 
a total of 27 utterances, thereby introducing some acoustic variability reminiscent 
of natural speech perception conditions. Stimuli were digitized at a sampling rate 
of 44.1 kHz, D/A converted with 16 bit resolution, band pass filtered (80 Hz to 10,5 
kHz), down sampled to 22.05 kHz, and edited with PRAAT-software (Boersma, 
2001). Stimulus length was equated to 230 ms (original range 172 to 338 ms), by 
using PSLOA (100-300 Hz as extrema for the F0 contour). Sound intensity level 
was numerically equated across stimuli by matching root mean square values. To 
avoid acoustic transients (clicks) that would be created by a sharp cut-off, stimuli 
were faded with 50 ms linear onset and offset ramps.

Functional MRI measurements
Brain imaging was performed with a 3 Tesla Siemens Allegra (head setup) 

at the Maastricht Brain Imaging Center. For each subject, two high-spatial reso-
lution (1.5 x 1.5 x 2 mm3) functional runs (550 volumes) were collected using a 
standard echo-planar-imaging sequence (repetition time [TR] =2.5 s; acquisition 
time [TA] =2.0 s, field of view [FOV] = 192 mm x 192 mm, matrix size = 128 x 
128, echo time [TE] = 30 ms). Each volume consisted of 23 slices, covering the 
temporal and adjacent cortex. During the measurements, subjects listened to 
the stimuli that were presented binaurally and at a comfortable listening level via 
MR compatible headphones (Commander XG, Resonance Technology, North-
ridge, CA) in the 500-ms silent gap between two volume acquisitions. According 
to a slow event-related design, the average inter-trial-interval between two stimuli 
was 15 s (range 13 – 17 s).  Each of the two functional runs included ten trials 
per stimulus condition (90 trials/run) thus resulting in twenty trials per stimulus 
condition. The sequence of stimuli was pseudo-randomized. Anatomical images 
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covering the whole brain were obtained between the functional runs using a 1 × 
1 × 1 mm3 resolution T1-weighted sequence. 

fMRI Data Analysis: pre-processing and univariate statistics 
Functional and anatomical images were first analysed with BrainVoyager 

QX (Brain Innovation, Maastricht, The Netherlands). Preprocessing consisted of 
slice scan-time correction (using sinc interpolation), linear trend removal, tempo-
ral high-pass filtering to remove nonlinear drifts of seven or less cycles per time 
course, and 3-dimensional motion correction. Functional slices were co-regis-
tered to the anatomical data, and both data were normalized to Talairach space.  

Conventional univariate statistical analysis of the fMRI data was based on 
the general linear modelling (GLM) of the time series. For each subject, a design 
matrix was formed using a predictor for each of the 9 stimulus condition. The 
predicted time courses were adjusted for the hemodynamic response delay by 
convolution with a canonical (double gamma) hemodynamic response function. 
Contrast analysis between vowels/speakers did not show any significant effect (q 
= 0.05, corrected for multiple comparison with false discovery rate). 

fMRI Data Analysis: multivariate pattern recognition
Multivoxel patterns of sound-evoked BOLD responses were analysed using 

a novel method that combines a machine learning with an iterative, multivariate 
voxel selection algorithm, Recursive Feature Elimination (RFE) (De Martino et 
al., in review). This method allows estimating maximally discriminative response 
patterns without a priori definition of regions of interest. In brief, starting from the 
entire set of measured voxels our method uses a training algorithm (least square 
support vector machine, ls-SVM) iteratively to eliminate irrelevant voxels and to 
estimate the informative spatial patterns. Correct classification of the test data in-
creases, while features/voxels are pruned on the basis of their discrimination abil-
ity. We have recently validated and compared this method to other approaches 
of multivoxel pattern analysis and demonstrated its greater sensitivity by means 
of simulated and real data. A short description of the method is given below, 
together with steps and parameters specific to the analysis of present data. A 
more complete account of the implementation and validation of the method can 
be found in (De Martino et al., in review). Pre-processed functional time series 
were first divided into “trials” (one trial per sound presentation). For each trial, a 
multivoxel pattern response was generated. An estimate of the response at every 
voxel was obtained by fitting a general linear model with one predictor coding 
for the trial response and one linear predictor accounting for a within-trial linear 
trend. The trial-response predictor was obtained by convolution of a boxcar with a 
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double-gamma hemodynamic response function. The corresponding regressor-
coefficient (beta) was taken to represent the voxel trial response and responses 
from all voxels were combined to form multivoxel patterns. 

In the first analysis, we labelled the stimuli and corresponding response pat-
terns according to the relevant dimension irrespective of the other dimension, 
which led to the grouping of stimuli and responses in three conditions: /a/, /i/, and 
/u/ (vowel learning) and sp1, sp2 and sp3 (speaker learning).  This resulted in a 
total of 60 trials per condition for vowel discrimination, and 60 trials per condition 
for speaker discrimination. Multivoxel pattern responses were analysed using the 
iterative ls-SVM-based classification algorithm. For each pair of vowels (or speak-
ers), trials were divided into a training set (50 trials) and a test set (10 trials).

In the generalization analysis, the same iterative learning algorithm was 
trained in discriminating vowels with samples from one speaker (e.g. /a/ vs /i/  for 
sp1) and the accuracy of this discrimination was tested with samples from the 
other speakers (e.g. sp2 and sp3). Analogously, for speaker discrimination, the 
learning algorithm was trained in discriminating speakers with samples from one 
vowel (e.g. sp1 vs sp2 for /a/) and tested with samples of other vowels (e.g. /i/ 
and /u/).   

The training set was used for estimating the maximally discriminative pat-
terns with the iterative algorithm; the test set was only used to assess the cor-
rectness of classification of unseen trials (i.e. not used in the training). Starting 
from the whole-brain cortical voxels, the 2000 most active voxels per condition 
(as defined on the training set alone) were initially selected. Voxels were further 
reduced using the iterative RFE algorithm. At each iteration, RFE included two 
steps. First, a subset of the training data (40 trials for the first analysis, and 10 
trials for the second analysis) was used to train an ls-SVM classifier. As a result 
of this training, a map coding for the relative contribution of each voxel to the 
discrimination of conditions (discriminative maps) was obtained as in (Mourao-
Miranda et al., 2005).  Second, these discrimination weights were ranked and 
voxels corresponding to the smallest ranking were discarded. Voxels with the 
highest discriminative values were used for training in the next iteration. These 
two steps were repeated ten times (Nit = 10, on different subsets of the training 
data), each time with a 30% reduction in the number of voxels. The correctness 
of classification corresponding to the current set of voxels and the discriminative 
weights were assessed using the external test trials. The entire iterative proce-
dure was repeated in cross-validation ten times (Nsplits = 10), each time leaving out 
a different subset of trials per condition.  For each subject and each pair of condi-
tion, the reported correctness was estimated as the average over the ten splits. 
Single-subject discriminative maps corresponded to the voxel-selection level that 
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gave the highest average correctness. 
To examine the consistency of the results across subjects, group-level dis-

criminative maps were generated after cortex-based alignment (Goebel et al., 
2006) of single-subject discriminative maps. In these group-level discriminative 
maps, a cortical location (vertex) was color-coded if it was present in the corre-
sponding individual discriminative map of at least four of the seven subjects.
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Abstract
The combination of different imaging modalities is emerging as a tool to study 
brain dynamics with both high temporal and high spatial resolution. Multimodal 
imaging techniques rely on the assumption of a common neuronal source for 
the different recorded signals. In this context, the coupling between Electro-
encephalographic (EEG) and functional Magnetic Resonance Imaging (fMRI) 
blood oxygen level dependent (BOLD) signals remains an open challenge for 
a useful combination of these imaging modalities. Recently, the use of simulta-
neous EEG-fMRI measurements has been proposed as a way to understand 
the relation between the two signals.  
Previous attempts to the analysis of simultaneous EEG-fMRI data reported 
significant correlations between regional BOLD activations and modulation of 
EEG power, mostly in the alpha but also in other frequency bands. Beyond the 
correlation of the two measured brain signals, the relevant issue we address 
here is the ability of predicting the signal in one modality using information 
from the other modality. 
Using multivariate machine learning-based regression, we show that is pos-
sible to predict power modulations of EEG  frequency bands from simulta-
neously acquired fMRI data during rest (eyes open/closed) and near natural 
stimulation (passively watching a movie).
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Chapter 5

Introduction
The complementary nature of Electroencephalography (EEG; high temporal 

resolution and low spatial resolution) and functional Magnetic Resonance Imag-
ing (fMRI; high spatial resolution and low temporal resolution) makes their combi-
nation appealing for investigating human brain dynamics (Dale et al., 2001, Ritter 
et al. 2006, Debener et al., 2006).

Blood oxygen level dependent (BOLD) responses and neural activity have 
been shown to be coupled (linear correlation) using simultaneous fMRI and sin-
gle unit recordings in monkeys (Logothetis et al., 2001), and non simultaneous 
intra-cortical recordings in humans (Mukamel et al., 2005). Despite these results, 
understanding the coupling between EEG signals recorded on the surface of the 
scalp and the fMRI BOLD signal remains an open challenge for the useful com-
bination of these imaging modalities.

In the last years several techniques have been proposed to combine brain 
signals as measured by EEG and fMRI. These methods range from the separate 
analysis of the data and subsequent juxtaposition of the results to truly integrated 
methods (Dale et al., 2001). While the latter methods assume a common neuro-
nal source for the two signals (electrophysiological; blood-oxygen-level-depend-
ent), juxtaposition often makes the same assumption implicitly in the interpreta-
tion of the results. Integrated analysis of EEG/fMRI data can be broadly divided 
in two categories of methods: 1) fMRI constrained EEG analysis (equivalent cur-
rent dipoles estimates and continuous current dipoles estimates); 2) EEG con-
strained fMRI analysis (fMRI correlates of EEG power modulations, trial-by-trial 
coupling). 

Within this context, the development of simultaneous EEG-fMRI measure-
ments provides several advantages over separate recordings despite the degrad-
ed EEG data quality. In particular simultaneous measurements guarantee identi-
cal sensory stimulation, perception and behaviour, and also provide a unique way 
to study how intrinsic brain states interact with event-related, extrinsic processing 
(Debener et al., 2006).

Simultaneous recordings and integrated analysis techniques have been 
used to study the coupling between power modulations of surface EEG and fMRI 
BOLD signal at rest. Several studies have reported voxel-by-voxel correlations 
between BOLD changes and modulations of EEG power in different frequency 
bands (Goldman et al., 2002, Laufs et al., 2003a, Laufs et al., 2003b, Moosmann 
et al., 2003, Feige et al., 2005, Mukamel et al., 2005, Gonçalves et al., 2006, 
Laufs et al., 2006, de Munck et al., 2007, Giraud et al., 2007, Scheeringa et al., 
2007). This ‘massively univariate’ approach does not take into account the intrin-
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sic multivariate nature of the fMRI data and thus can be suboptimal in detecting 
relations to EEG power modulations that are weak and spatially distributed in the 
fMRI data.

Correlation of functionally connected networks, obtained using multivariate 
analysis of the fMRI data (spatial Independent Component Analysis, ICA), and 
the EEG power modulations in different frequency bands have been used to de-
scribe the coupling of the two measured signals (Mantini et al., 2007). The data 
driven nature of ICA allows extracting functionally connected networks that reflect 
spatially independent processes. Different independent components, thus, can 
be coupled to the same EEG rhythm, leaving unresolved the challenging problem 
of finding the network in the fMRI data that explains, in a multivariate sense, most 
of the information in a specific EEG band. 

Multiway partial least-squares (N-PLS, Martínez-Montes et al., 2004) has 
been used to estimate the combination of voxel BOLD signals that correlates best 
with the EEG and the combination of EEG signals that correlates best with the 
BOLD signal in a unified data-driven solution that does not rely on the definition 
of broad EEG bands.

The use of correlation as the measure of the coupling between EEG and 
fMRI while reliable in explaining the relations between the available data sets is 
not optimal in generalizing the estimated relation to different data sets and does 
not evaluate the predictive power of one modality on the other.   

Recently predictive models have been introduced to investigate the relation 
between multivariate fMRI BOLD signals and a continuous experimental variable 
(Pittsburgh Brain Activity Interpretation Competition (PBAIC) 2006; Formisano 
et al., 2008, Friston et al., 2008). These methods are particularly suited to the 
analysis of fMRI data given the typical dimensionality of the problem (number of 
voxels >> number of samples). Beyond simple correlation these methods allow, 
after a learning phase, the prediction of the experimental variable (i.e. stimulus, 
behaviour) exploiting the multivariate information present in the data. 

In the context of simultaneous EEG-fMRI recordings the issue we address 
in this chapter is the ability to predict the signal in one modality using information 
from the other modality. In particular we predict EEG power modulations from 
simultaneously acquired BOLD fMRI and introduce the use of multivariate ma-
chine-learning based regression to measure the coupling between the two brain 
signals.

Previous studies that investigated the relation between EEG power modu-
lations and fMRI BOLD in humans used mostly resting paradigms (Goldman et 
al., 2002, Laufs et al., 2003a, Laufs et al., 2003b, Moosmann et al., 2003, Laufs 
et al., 2006, de Munck et al., 2007, Giraud et al., 2007, Scheeringa et al., 2007) 
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and have reported high inter subject variability for the resulting regional correla-
tions (Gonçalves et al., 2006). We tested the ability of our method to predict EEG 
power modulations in a paradigm that consisted of alternating blocks of rest with 
eyes open and eyes closed (Feige et al., 2005). Furthermore we investigated the 
nature of the coupling between EEG power modulations and fMRI BOLD signals 
during natural stimulation (passively watching a movie). Such stimulation has 
been shown to induce strong inter subject correlations at the level of the BOLD 
signal (Hasson et al., 2004), and has been recently used to study the coupling 
between EEG (local field potentials (LFPs) and spike rates) and fMRI BOLD in 
non simultaneous measurements (Mukamel et al., 2005). 

We show that multivariate regression can predict with considerable accuracy 
modulation of relevant frequency bands when subjects open or close their eyes. 
When considering the spontaneous alpha modulations (orthogonalized with re-
spect to the eyes open eyes closed protocol), our method replicate previously 
reported results for the same paradigm (Feige et al., 2005) in terms of the result-
ing fMRI maps.

Preliminary results (one subject) on the movie sections show the ability of 
multivariate regression in predicting EEG power modulations elicited by complex 
audio-visual stimuli. 

Methods 

General Description of the approach
Figure 1 illustrates the main steps of our approach. The original EEG data 

are pre-processed in order to remove the artifacts induced by the Magnetic Reso-
nance Imaging (MRI) environment (gradient artifact and ballistocardiogram (BCG) 
artifact, Allen et al., 2000, Niazy et al., 2005, Debener et al., 2007). The pre-proc-
essed data are decomposed using temporal Independent Component Analysis 
(tICA; Makeig et al., 1997) and interesting components are distinguished from 
residual artifacts based on their scalp distribution, power spectrum and event re-
lated averages with respect to the fMRI volume trigger and cardiac cycle (Deben-
er et al., 2007). EEG data are reconstructed using only the selected components 
and time-frequency (wavelet) decomposition is applied at the level of the single 
channels data or on the independent components’ (ICs) time courses. Predic-
tors are then computed averaging the power modulations in different frequency 
windows (delta, theta, alpha, beta and gamma) and convolving with a canonical 
hemodynamic response function (HRF; Friston et al., 1998). 

Chapter 5
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Data sets (i.e. the pre-processed (see below) fMRI time series and EEG 
based predictors), are then divided into training and testing. The training data 
set is used to learn multivariately (using Relevance Vector Machine and Ridge 
Regression) the coupling between the fMRI and the EEG modulations in the se-
lected frequency band. A map depicting the contribution of each voxel to the 
learned coupling is obtained. The test data are used to assess the validity of the 
learned coupling. 

Predicting EEG power oscillations using fMRI

Figure 1: General description of the proposed approach to the predicion of EEG power oscillations frm fMRI 
data. The original EEG data are first pre-processed in order to remove the MRI related artifacts. Independ-
ent Component Analysis is used to select components of interest. Time frequency analysis is performed on 
the selcted IC time courses and a predictor for the analysis of the fMRI data is obtained after convolving 
with a canonical hemodynamic resonse function. Multivariate regression is then performed training on a 
subset of the available data and evaluating (test) the performances on the remining data.

Multivariate Regression of fMRI time series
In the context of simultaneous EEG-fMRI recordings, the fMRI time series, 

represented by the N x V matrix X (N being the number of volumes and V the 
number of voxels), and the EEG power modulations in a specific band, represent-
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ed by the N dimensional vector o, are employed as a data set D. Such dataset 
can therefore be seen as a collection of N pairs ( , oxi i ), denoting with xi  a sample 
vector of dimension V (one volume of the fMRI time series) and with oi  the corre-
sponding one-dimensional label (the EEG power modulations in a specific band 
as extracted from the simultaneous recordings).

In what follows we describe the estimation of linear generative models used 
for multivariate regression of fMRI time series.

Linear Model Estimation
Linear models have been extensively employed in machine learning for fMRI 

data analysis. There are many reasons for this choice. The high number of vox-
els in fMRI datasets, in fact, poses some challenges to the model estimation. If 
no feature reduction is performed the number of voxels V (i.e. dimension of the 
feature space) is usually considerably higher than the amount of samples N, and 
therefore the effects of the curse of dimensionality are not negligible. Further-
more, when using linear models, is straightforward to obtain a map that helps 
understanding the relevance of different brain regions to the prediction. 

A standard linear model has the following form:
                                          ,y( )o x w= + f                                     (1)

where ,y( )x w  is the deterministic input-output mapping part and f  accounts for 
the noise in the measurements. The deterministic mapping can be modelled as 
(Bishop, 2006):

                             , ...y( ) w w x w xx w w xV V
T

0 1 1= + + + = u               (2)
where ( , ,..., )x x xx V

T
1 2=  denotes the training dataset (defined over a V-dimen-

sional space), (1, )x xT T
=u  and the V+1-dimensional vector w indicates the 

weights of the linear model (with w0 indicating the bias term). This model, simply 
known as linear regression is widely employed in fMRI data analysis. 

However, for the purpose of generalization, we will consider now a mapping
                               ( ) ( ( ), ( ),..., ( ))x x x xM

T
0 1 1z z=z z -                      (3)

with : V M
"0 0z , mapping the V-dimensional space of x into an M-dimensional 

one. z can be for instance a linear polynomial, or radial basis function. Eq. (2) 
then becomes:

                                ( , ) ( ) ( )y w xx w w xT
j j

j

M

1

1

z z= =
=

-

u !                       (4)

where this time w is an M-dimensional vector of parameters. 
The aim of the estimation procedure is to find the “best” model parameters 

w, evaluating the performances in terms of an unknown dataset (generalization). 
One criterion could be to maximize the fit of the model to the training data. Any-
way, this procedure may be dangerous, as complex models may fit also the noise 
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term. 
One common error function in the case of regression is the sum of squares: 
                                ( ) ( )E ow w2

1 xD n
T

n
n

N 2

1
= - z

=

# -!                          (5)

The minimization of this function (setting its gradient to zero) leads to the 
following estimate of the model parameters:

                                         ( ) ow T T1U U U=
-u                                     (6)

where ( ( ),..., ( ))xx N
T

1 z= zU . It can be shown that the least-squares solution 
corresponds to the projection of the target o onto the subspace generated by the 
columns of U (Bishop, 2006). As discussed previously, a perfect fit on the training 
dataset may not be optimal for generalization purposes, therefore some regulari-
zation coefficients are introduced, to control for the smoothness of the estimate. 
The new error function will then be:

                                   ( ) ( ) ( )E E Ew w wD W= + m                               (7)
where ED  is the same as in Eq. (5) and EW  is the regularization term. A simple 
form of regularizing term is the following (Bishop, 2006):

                                          ( )E 2
1w w wW

T=                                     (8)
that leads to the solution:

                                    ( ) ow IT T1
+ mU U U=

-u                                 (9)
that is sometimes called ridge regression solution. Regularization is particularly 
effective in training on small datasets (reducing the model complexity and sub-
sequently the risk of overfitting), but one has to employ a suitable value for the 
weighting coefficient m . One way to set this parameter is to perform cross-valida-
tion choosing the parameter that gives the highest generalization on the valida-
tion set(s).

Relevance Vector Machine Regression
Similarly to Support Vector Machines (SVM; Vapnik, 1995), this method is 

based on the linear combination of kernel functions, with one kernel associated 
with each data point (in the training dataset). Compared to SVM, RVM provides 
in many applications a much sparser model, typically an order of magnitude more 
compact, with little or no reduction of generalization error. Furthermore, no pa-
rameter has to be estimated in cross-validation (like C and f  in SVM; Tipping, 
2001). 

The kernel can be defined starting from a nonlinear feature space mapping 
( )xz , as in Eq. (3): 

                                          ( , ) ( ) ( )k x x x xT
= z zl l                             (10)

The model, with N+1 parameters, can be written as:
                                      ( , ) ( , )y w k bx w x xn n

n

N

1
= +

=

!                       (11)
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with b being the bias term and ( , )k x xn  the kernel function centered on xn . 
Considering Eq. (1), and assuming that the noise term f  follows an inde-

pendent, identically distributed Gaussian distribution with zero mean and preci-
sion (inverse of the variance) equal to β, that is ( ) ( , )p N 0 1f b b=

- , it follows 
that:

                                 ( , , ) ( ( ), )p No x w w xT
n

n

N
1

1
=b z b-

=

%                 (12)

where with o we denote the vector of all the N targets (e.g. the EEG power modu-
lations in a specific band as extracted from simultaneous recordings).

Using Bayes’ rule it is possible to express the probability of the model pa-
rameters:

                                  ( , , ) ( , )
( , , ) ( )p p

p pw o x o x
o w x w

=b
b

b                  (13)
that is:

                                   posterior marginal likelihood
likelihood prior#

=                     (14)

where the prior term contains all the information one has on the model param-
eters. For a review of Bayesian methods refer to (Duda et al., 2001, Bishop, 
2006).

In RVM the prior on the model weights w is:
                                        ( ) ( , )p N 0w i

i

N
1

1

1

= aa -

=

+

%                            (15)

with an hyperparameter ia  for each model weight. It can be shown that the poste-
rior distribution of the weights is again Gaussian (Tipping, 2001), with mean and 
covariances given by:

                                              m o
T

= bRU                                    (16)
                                           ( )A T 1bR U U= +

-                                (17)
with U being the kernel matrix as in eq. (6) and ( )diagA i= a . The estimation 
of  incorporates the Automatic Relevance Determination (ARD) (MacKay, 1994, 
Neal, 1996). In fact, during the training phase, many hyperparameters ia  will 
grow to infinity, so that the corresponding model weight wi  will have a posterior 
distribution concentrated around zero. In other words, only the model weights 
(and therefore the functions associated with these parameters) that are “relevant” 
given the training data will remain, pruning out the unnecessary ones and leading 
to a sparse model. Relevance vectors can be seen as similar to the support vec-
tors in the SVM formulation.

The values of ia  and β are determined using type-II Maximum Likelihood 
(known also as evidence approximation) (Bishop, 2006, Tipping, 2001). Once 
these parameters have been estimated, the prediction over a new data point can 

Chapter 5



123

be done averaging across all the possible models weighted by their probabilities. 
In other words, considering a new data point x*  then the predicted value t*  will be 
distributed according to the following:

                      ( , , ) ( , ) ( , )p p o p dx x o x w w x o wo* * * *= #                (18)
and considering a predictive distribution that is still Gaussian, with mean and vari-
ance given by (Bishop, 2006, Tipping, 2001):

                                      ( ) ( )m x m x* *T= z                                        (19)
                             ( ) ( ) ( ) ( )xx x* * *T2 1 z= +v b z R-                             (20)
Without loss of generality, we refer to the training of the model on the first 

functional run. Suppose that both the time courses of the voxels in the fMRI data 
and the simultaneously recorded EEG power modulations have zero mean (note 
that the evaluation metric is based on Pearson correlation). Following the formu-
lation proposed in Eq. (11), and considering a linear kernel, we have the following 
model:

                                   ( , ) wy X w X X w KT
1 1 1= =                                (21)

with w (n 11# ) being the model weights vector and K X XT
1 1=  (n n1 1# ) the linear 

kernel constructed from the starting training dataset X1 (n v1# ).
The RVM training aims at finding an estimate of the posterior distribution of 

the weights w. This posterior distribution can be then used to perform predictions 
on a new dataset (second functional run) by means of Eq. (18). Denoting with wu     
the estimated posterior mean, then the mean of the predictive distribution (Eq. 
(19)) is then:

                                          o X X wT
2 2 1=u u                                             (22)

where o2u  (n 12# ) is the estimate of the ratings on the second dataset X2 (n v2# ). 
It is possible, considering Eq. (22), to express the prediction in terms of maps:

                                                 o X M2 2=u u                                           (23)
with

                                                M X wT
1=u u                                           (24)

where Mu  (v 1# ) can be interpreted as a map of relative contribution of the differ-
ent voxels to the final prediction. 

Data
Simultaneous EEG-fMRI data were collected from four subjects, three runs 

per subject. Each run consisted of four five minutes movie segments alternated 
with one minute rest periods in which subjects were asked to close and open their 
eyes every twenty seconds.

Predicting EEG power oscillations using fMRI
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EEG data
EEG data were recorded in the MRI environment using a 64-channel high-

input impedance amplifier system specifically designed (Brainproducts, Munich, 
Germany). The setup consisted of two 32-channel MR plus amplifiers powered 
by a rechargeable power unit. The amplifiers were placed directly behind the 
scanner bore inside the MR room, which allowed the use of short wires with a 
total length of about 1.2 m from recording electrodes to amplifier. Sintered Ag/
AgCl ring electrodes with built-in 5 kΩ resistors were used. Data were recorded 
from 62 equidistant scalp sites mounted in a cap system (Easycap, Falk Minow 
Services, Herrsching, Germany). Additional plastic electrode holders were tied 
into the cap at occipital scalp sites which substantially improved subject comfort. 
Continuous data were also recorded from one electrode placed below the left eye 
to monitor eye blinks and another electrode placed at the lower back for electro-
cardiogram (ECG) recording. All 64-channel data were referenced to the vertex. 
The data were recorded with a pass-band of 0.016–250 Hz and digitized with 
5000 samples/s at 16-bit resolution, resulting in a dynamic range of 16.38 mV. 
The amplified signal was transmitted via fiber-optic cables to a recording PC 
placed outside the MR room. Electrode impedances were maintained below 
20 kΩ before recordings.

The EEG data processing was carried out using EEGLAB (Delorme et al., 
2004). fMRI gradient artifacts were removed using the EEGLAB plug-in FMRIB 
1.21 (Niazy et al., 2005), as developed by the Centre for the Functional MRI 
of the Brain (Oxford, UK). The algorithm for gradient artifact removal combines 
template subtraction methods (sliding window of 60 artifacts) to optimal basis set 
(OBS) and adaptive noise cancellation (ANC) for the removal of residual artifacts 
after the subtraction of the template. Prior to the ballistocardiogram (BCG) artifact 
correction the EEG data were resampled at 250 Hz. In order to remove the BCG 
artifact the continuous data are epoched relative to the heartbeat events, de-
tected automatically using the ECG electrode, and aligned in a matrix to calculate 
the first three principal components, which are then taken to form the OBS. The 
OBS are then least-squares-fitted and subtracted from each segment. After re-
moval of the imaging related artifacts, data were filtered between 0.5 and 50 Hz, 
ECG and EOG channels were discarded. After artifact correction each run was 
divided into two data sets, the first containing the movie segments and the sec-
ond containing the rest periods (eyes open and eyes closed segments). Temporal 
independent component analysis was used to extract 62 components separately 
for the movie and rest data sets after concatenating the data from the three runs. 
The independent components ICs were reviewed in order to discard components 
reflecting residual BCG or gradient artifacts (Debener et al., 2007). Interesting 
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ICs, selected based on their scalp distribution and power spectrum, were used to 
reconstruct the EEG data of the three different runs. 

Time frequency decomposition (Morlet wavelets) was applied to the recon-
structed channel level data or the IC time courses in order to extract the power 
modulations in the frequency interval [1 – 50 Hz]. IC power modulations were 
obtained averaging the time frequency decomposed data in different frequency 
windows, selected around peaks of the power spectral density of each compo-
nent. In addition to these “narrow band” modulations, a broad band modulation 
was considered for all ICs averaging the time frequency data in the window [1 
– 20 Hz].

A predictor for the analysis of the simultaneously acquired fMRI data was 
obtained for all ICs by convolving the different power modulations with a standard 
hemodynamic response function (HRF; Friston et al., 1998) and re-sampling the 
data to the fMRI sampling rate (0.5 Hz, see below).

In addition to the predictors accounting for power modulation in specific fre-
quency bands a predictor for the analysis of the fMRI data was obtained by con-
volving the IC time courses root-mean-square (RMS) with a standard HRF and 
re-sampling to the fMRI sampling rate.

fMRI data
Functional magnetic resonance time series were acquired in a 3T system 

(Siemens Allegra). Functional runs consisted of 22 axial slices obtained with a 
T2-weighted gradient echo, EPI sequence (TR 2 s; TA 1.4 s; FOV 224 x 224; 
matrix size 64 x 64, voxel size = 3.5 x 3.5 x 4 mm3). Anatomical images were 
obtained using a high resolution (1 x 1 x1 mm3), T1-weighted sequence.

The fMRI data sets were subjected to a series of pre-processing operations. 
(1) Slice-scan-time correction was performed by resampling the time courses 
with linear interpolation such that all voxels in a given volume represent the signal 
at the same point in time. (2) Head movements were detected and automatically 
corrected by minimizing the sum of squares of the voxel-wise intensity differenc-
es between each volume and the first volume of the run. Each volume was then 
resampled in three-dimensional space according to the optimal parameters using 
trilinear interpolation. (3) Temporal filtering was performed in order to remove lin-
ear trends from the voxels’ time series. (4) After co-registration to the anatomical 
images collected in the same session the functional volumes were projected into 
Talairach space.

After pre processing of the time series each run was divided into two data 
sets, the first containing the movie segments and the second containing the rest 
periods (eyes open and eyes closed segments). These data sets were separately 
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used for the multivariate regression analysis using both Ridge Regression (RR) 
and Relevance Vector Machines (RVM). Training was performed using the data 
of run 1 and 3 and predictions were evaluated on the data of run 2. When us-
ing RR the number of features/voxels to be used was cross-validated during the 
training phase using correlation based ranking of the voxels.

Multivariate regression was compared to a conventional univariate regres-
sion analysis (General Linear Model, GLM) and to a massively multivariate analy-
sis performed using Independent Component Analysis (ICA). GLM analysis was 
performed concatenating run 1 and 3 and estimating voxels’ beta weights for 
each EEG related predictor. The estimated beta weights were then used to pre-
dict the EEG power modulations in run 2. In order to predict power EEG power 
modulations using fMRI ICA analysis, the independent components (ICs) with the 
highest correlation to each EEG related predictor were identified in run 1 and 3. 
Using the similarity of the ICs spatial maps (Esposito et al., 2005) a candidate IC 
was selected to predict the EEG power modulations in run 2, and the correlation 
between the selected IC time course and the EEG power modulations was used 
as a measure of prediction.

For visualization of resulting predictive maps, folded cortex was extracted 
from anatomical MRI data and used to calculate flat maps.  

Results and Discussion
Figure 2 shows single subject (FDM) results obtained for the prediction of the 

EEG power modulations of an occipital independent component (figure 2 top left) 
extracted during the eyes open/closed paradigm. All methods were trained on the 
modulation of the power in the frequency band [8 – 14 Hz] (alpha band; figure 2 
top right) of run 1 and 3 and predictions are reported for run 2.

All methods achieved considerable prediction results (reported as the cor-
relation between the real and predicted EEG power modulations; figure 2), with 
higher accuracies obtained with multivariate regression based on Relevance 
Vector Machines (RVM).

Figure 2 also shows the maps, projected on the flattened cortex of the sub-
ject, obtained as a result of the training for all methods. Despite the different 
estimation procedure, all methods highlighted the same occipital regions as the 
most relevant for prediction. 

Conventional statistical analysis of combined EEG-fMRI measurements is 
based on the voxel-by-voxel hypothesis testing (General Linear Model, GLM). 
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The maps obtained with such procedure depict the voxels in the fMRI data that 
“best fit” the modelled EEG power modulations and are estimated trying to mini-
mize the fitting error. Such explanatory procedure may be sub-optimal when EEG 

Predicting EEG power oscillations using fMRI

Figure 2: Results obtained for the prediction of the eyes open eyes closed induced alpha modulation in subject 1 
(FDM). The selected IC topography is shown on the top right. On the top left the power spectrum of the selected IC 
time course is presented. Predicted (red) and true (back) EEG power oscillations in the alpha band in the second run 
are presented on the bottom left for all used method (RVM, RR, GLM, ICA). The maps obtained as a result of the 
training of each model are shown on the bottom right.
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power modulations are encoded in a multivariate and distributed fashion in the 
fMRI BOLD signal. Furthermore the estimation procedure at the basis of the GLM 
while optimal to explain the available data (training set), might fail when the pur-
pose is to generalize to unseen data (test set). 

Multivariate analysis techniques such as ICA have been previously used 
to analyse simultaneous EEG-fMRI recordings. Independent Components (ICs) 
maps depict functionally connected brain regions and are estimated in a data-
driven way without making use of the available experimental variables. Prediction 
ability of ICA is evaluated post-hoc as the correlation of a selected IC time-course 
with the EEG power modulations and thus can be considered as “incidental” as it 
is not at the basis of the estimation procedure.

Multivariate regression is an appealing tool for investigating the relevant 
question of the coupling between the fMRI time series and simultaneously ac-
quired EEG modulations. Given the massive multivariate nature of the problem 
the use of “regularized” models such as Ridge Regression (RR) and Relevance 
Vector Machines (RVM) is necessary in order to avoid “overfitting” of the data. 
These methods aim at optimizing prediction abilities to unseen data sets thus 
reducing the fit of the training set. RR and RVM maps thus show the brain net-
work that (multivariately) is most relevant in generalizing the learned EEG-fMRI 
coupling. 

The highlighted positive and negative coupling between EEG protocol in-
duced alpha modulations and BOLD fMRI in the occipital cortex was to be ex-
pected and has been previously reported (Feige et al., 2005). No sub-cortical re-
gions were identified as relevant for the coupling between the fMRI BOLD signal 
and the protocol induced alpha modulations.

RR RVM GLM ICA

FDM; IC 7 (8 - 14 Hz) 0.85 (0.20) 0.90 (0.32) 0.63 (0.008) 0.83 (0.06)

FDM; IC 2 (8 - 14 Hz) 0.88 (0.21) 0.90 (0.26) 0.69 (0.24) 0.85 (0.05)

FM; IC 6 (7 - 14 Hz) 0.79 (0.35) 0.81 (0.35) 0.39 (0.33) 0.69 (0.21)

MR; IC 8 (8 - 14 Hz) 0.68 (0.17) 0.74 (0.23) 0.36 (0.002) 0.22 (0.23)

TP; IC 5 (7 - 14 Hz) 0.75 (0.39) 0.81 (0.23) 0.62 (0.24) 0.46 (0.26)

 

To investigate the coupling between the fMRI BOLD signal and spontaneous 
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Table 1

Accuracies obtained with Ridge Regression (RR), Relevance Vector Machines (RVM), General Linear Model (GLM) and 
Independent Component Analysis (ICA) in the prediction of the eyes open eyes closed power modulation of selected 
EEG Independent Components (IC) in the [7-14 Hz] band. In brackets the prediction of the power modulation after 
orthogonalization with respect to the eyes open/close protocol. 
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Figure 3: Group results obtained during the eyes open/closed paradigm. On the top, topographies of all subjects’ ICs 
selected as characterizing the alpha modulation are prsented together with the power spectrum of their time courses. 
On the bottom, the group maps obtained after training the RVM on run 1 and 3 are shown for both the induced os-
cillations and the oscilaltions after orthogonalization with respect to the protocol. Mean (across subjects) predictive 
accuracies are reported for both cases.
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EEG alpha modulations we investigated the ability of the different methods in pre-
dicting the EEG alpha predictor after orthogonalization with the eyes open/closed 
protocol (Feige et al., 2005). 

Table 1 reports, for all subjects, prediction results obtained using the same 
methods (RR, RVM, GLM and ICA) on the EEG independent components (ICs) 
that mostly reflected the alpha power modulations induced during the eyes open/
closed periods.  We also report between brackets the prediction results for the 
orthogonalized alpha predictor. Relevance Vector Machines shows the highest 
prediction accuracies especially for the non-orthogonalized alpha predictors.

Figure 3 shows the group results for the eyes open/close periods. The se-
lected EEG-ICs for all subjects together with their power spectrum are presented 
on the top. On the bottom group maps are reported on the flattened cortex of 
one subject together with one transversal slice for both the protocol induced al-
pha modulations (non-orthogonalized predictor) and the spontaneous fluctuation 
(orthogonalized predictor). Group maps were obtained averaging the individually 
trained RVM maps in Talairach space after binarization. The colour code repre-
sents the probability of finding each voxel in all subjects together with the sign 
of the coupling between EEG alpha modulations and BOLD signal. Group maps 
were thresholded in order to show voxels present in at least half of the subjects.

Consistently with the single subject result the group map shows regions in 
the occipital cortex contributing positively and negatively to the prediction of the 
protocol induced alpha modulations. When analysing the coupling between fMRI 
BOLD and the spontaneous fluctuations of alpha (orthogonalized predictor), a 
widespread negative contribution to the prediction was found in several corti-
cal areas (occipital cortex, parieto-frontal network, insula) as already reported in 
previous combined EEG-fMRI studies (Goldman et al., 2002, Laufs et al., 2003a, 
Laufs et al., 2003b, Moosmann et al., 2003, Gonçalves et al., 2006, Laufs et al., 
2006, de Munck et al., 2007). Interestingly in line with the findings of Feige et al. 
(2005), a negative contribution to the prediction of the spontaneous alpha fluctua-
tions was also highlighted in the thalamus (orthogonalized predictor, transversal 
slice). Positive contribution to the prediction of the alpha modulations is visible in 
the pre-cuneus parietal cortex and anterior cingulate cortex. These regions have 
been consistently reported to de-activate during task execution (activate during 
rest) and form the “default mode” network (Greicius et al., 2003), which has been 
previously reported to positively correlate with the alpha rhythm (Mantini et al., 
2007).

Following the analysis of the eyes open/closed part of the experiment we 
trained (run1 and 3) a Relevance Vector Machine to predict (run 2) the EEG pow-
er modulations elicited during continuous stimulation (free watching a movie). 
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Figure 4 – 6 report preliminary results obtained for the prediction of power modu-
lations of different independent components extracted from the EEG data of one 
subject (FDM). For each component we report the scalp distribution, the power 
spectrum of the IC time-course together with the different frequency bands used 
to generate predictors for the combined EEG-fMRI analysis. We also show the 
maps obtained as a result of the RVM training on run 1 and 3 depicting the most 
relevant voxels used for the prediction and the predicted and real EEG power 
modulations of run 2.  

Predicting EEG power oscillations using fMRI

Figure 4: Prediction resulst obtained using RVM for one compoenent (FDM IC 2) extracted during the movie presen-
tation. Topography and power spectrum of the time course of the component are shown on the top. On the bottom 
predicted (red) and real (blue) oscillations are shown on the right together with the map resulting from the training 
(run1 and 3). Resulst are reported for two selected frequency bands.

Figure 4 shows an independent component (IC) with clear parieto-occipi-
tal topography possibly reflecting subjective modulations of a posterior attention 
network. When trying to predict the EEG power modulations in the frequency 
bands [5 – 14 Hz] and [15 – 20 Hz] using RVM based regression we obtained 
considerable prediction accuracies (0.54 and 0.66 respectively on 600 points). 
The fMRI maps associated with these predictions show a negative contribution 
of the fronto-parietal network especially for the modulations in the [15 – 20 Hz] 
band. Voxels contributing positively to the prediction are visible in the ventral  
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visual cortex and anterior insula.
Figure 5 shows the prediction results for a component with a topography 

indicating involvement of the motor cortex of the subject. The power spectrum 
of the IC time course shows a clear peak around 17 Hz. RVM based prediction 
achieved considerable accuracies for all selected spectral windows ([0 – 20 Hz], 
r=0.63; [5 – 10 Hz], r=0.51; [15 – 20 Hz], r=0.49; [30 – 37 Hz], r=0.40).  The RVM 
maps obtained as a result of the training show a positive contribution from the 
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Figure 5: Prediction resulst obtained using RVM for one compoenent (FDM IC 4) extracted during the movie presen-
tation. Topography and power spectrum of the time course of the component are shown on the top. On the bottom 
predicted (red) and real (blue) oscillations are shown on the right together with the map resulting from the training 
(run1 and 3). Resulst are reported for four selected frequency bands.
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bilateral motor cortex of the subject for all selected frequency bands. 
The results obtained for the prediction in the [15 – 20 Hz] band are in line with 

previously reported source localization experiments of the mu-rhythm (Salmelin 
et al., 1994, Caetano et al., 2007). The mu-rhythm, besides being associated with 
voluntary movements, has been identified as one spontaneous rhythm present 
in subjects during rest (Salmelin et. al., 1994), and has been also associated 
with passive observation of actions (Caetano et al., 2007). In order to disentan-

Predicting EEG power oscillations using fMRI

Figure 6: Prediction resulst obtained using RVM for one compoenent (FDM IC 5) extracted during the movie presen-
tation. Topography and power spectrum of the time course of the component are shown on the top. On the bottom 
predicted (red) and real (blue) oscillations are shown on the right together with the map resulting from the training 
(run1 and 3). Resulst are reported for four selected frequency bands.
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Figure 7: Analysis of the sound produced by the scanner during acquisition of one volume (top left). The power 
spectrum is presented on the top right. On the bottom left time freqency analysis (limited between 0 - 50 Hz) of the 
scanner noise.

gle the contribution to identified mu-rhythm between voluntary movements and 
modulations elicited by the observation of the movie, objective measurements 
(electromyography) of the subject’s movements during the experimental protocol 
are needed.

Figure 6 shows the results obtained for the prediction of frequency modula-
tions extracted from the time course of a component with topography reflecting 
sources in the auditory cortex (bilateral). When learning the association between 
the modulations in the [30 – 37 Hz] band and the fMRI data the RVM identified 
as relevant several regions in the primary (positive contribution) and second-
ary (negative contribution) right auditory cortex of the subject. Interestingly when 
analysing the characteristic sound produced by the scanner during the acquisi-
tion of one volume (TR) (figure 7) a clear peak in the same frequency band ([30 
– 37 Hz]) is visible.
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Conclusions
We have shown that multivariate regression can be used to predict power 

modulation of EEG frequency bands both in the case of simple induced alpha 
modulations (eyes open/ closed paradigm) and in the case of complex audio-
visual stimuli (movie). 

When comparing the accuracies obtained when predicting the alpha modu-
lations induced when the subjects close their eyes, univariate models (GLM) and 
massive multivariate models (ICA) result in similar but weaker performances with 
respect to predictive models (RR, RVM). In particular on our data Relevance 
Vector Machines based prediction shows to be the most accurate. These results 
can be explained by the predictive (compared to explanatory or data-driven) and 
massive multivariate (compared to univariate) nature of RVM based regression.

Further analysis is needed to evaluate the data obtained on the movie sec-
tions. In particular the use of inter subject correlation based techniques on the 
EEG data to aid the selection of relevant stimulus related components has to be 
evaluated.

Furthermore applying the proposed method to a simpler event-related para-
digm might aid to evaluate the whole pre-processing strategy used on the EEG 
data and might also help in evaluating the procedure used to select relevant 
components.

Apart from the study of the coupling between EEG power modulations and 
fMRI BOLD signal, the proposed approach could be used to create an experi-
ment related lead-field matrix to be used to solve the inverse problem in non 
simultaneous data of the same experiment. In particular, the matrix that defines 
the contribution of each voxel in the fMRI to all channels of the EEG (lead-field) 
could be estimated training multivariate models to predict the single channels 
EEG modulations and using the resulting fMRI maps.

In summary, multivariate regression based on predictive models appears to 
be a valuable tool to analyse data obtained from different modalities and to study 
the coupling between the EEG power modulations and the fMRI BOLD signals.
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