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Exploring the Variability of Single Trials
in Somatosensory Evoked Responses Using
Constrained Source Extraction and RMT
A. Koutras*, Member, IEEE, G. K. Kostopoulos, and A. A. Ioannides

Abstract—This paper describes the theoretical background of
a new data-driven approach to encephalographic single-trial (ST)
data analysis. Temporal constrained source extraction using sparse
decomposition identifies signal topographies that closely match the
shape characteristics of a reference signal, one response for each
ST. The correlations between these ST topographies are computed
for formal Correlation Matrix Analysis (CMA) based on Random
Matrix Theory (RMT). The RMT-CMA provides clusters of similar ST topologies in a completely unsupervised manner. These patterns are then classified into deterministic set and noise using well
established RMT results. The efficacy of the method is applied to
EEG and MEG data of somatosensory evoked responses (SERs).
The results demonstrate that the method can recover brain signals with time course resembling the reference signal and follow
changes in strength and/or topography in time by simply stepping
the reference signal through time.
Index Terms—Constrained source extraction, electroencephalography (EEG), Independent Component Analysis (ICA),
magnetoencephalography (MEG), random matrix theory.

I. INTRODUCTION

M

ODERN neuroimaging is flooded with data. Powerful,
data-driven methods are needed to reduce the data into
meaningful descriptions relevant to basic neuroscience research
and clinical practice. The need for meaningful and intelligent
data reduction methods is nowhere more pressing than in electrographic measurements, i.e., in the case of electroencephalography (EEG) and magnetoencephalography (MEG). These data
reveal a web of neuronal interactions that unfold with characteristic time scales from about a millisecond [1] to hours [2].
Averaging remains a powerful method for drastic data reduction and has been used for a long time to study and analyze EEG
and/or MEG signals. However, averaging is too drastic, because
it results in mixing brain processes that should be studied independently [3]. Localization of the average responses of the brain
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still remains a widely used analysis technique, and in some applications it provides useful regional markers, but in general it
produces a deceptively simple view of brain functionality [4].
The realization that single trials (STs) must be examined individually has spurred the development of new methods for separating the signal into useful components that may then be localized [5], [6].
Blind source separation (BSS) is a new signal processing
technique that extracts a set of underlying sources or components from a set of random variables, measurements or signals.
This technique typically uses a large set of observed multivariate
data to define a generative model for the observed data. The underlying sources are assumed to be mixed linearly, while the
components and the mixing system are considered to be completely unknown. The only knowledge that is available beforehand involves only the measurement signals. In order to solve
the BSS problem, the Independent Component Analysis (ICA)
has been widely used. ICA is used to demix these sources by
exploiting the independence criterion of the sources underlying
the measured data using higher order statistics. As a result, ICA
finds a linear coordinate system (the unmixing system) such that
the resulting signals are as statistically independent from each
other as possible. In contrast to correlation-based transformations such as Principal Component Analysis (PCA), ICA not
only decorrelates the signals (second-order statistics), but reduces higher order statistical dependencies as well. It was recently demonstrated that high-quality blind source separation
can also be achieved using sparse decomposition in a proper
signal dictionary [7].
In brain signal analysis area, BSS methods have been initially used as artifact rejection techniques for removing blinks,
muscle and line noise, cardiac artifacts or eye movement artifacts from EEG or MEG recordings [8]–[10]. However, during
the last years, BSS has also been applied to analyze event-related potentials (ERPs) in somatosensory, auditory as well as
visual tasks [11]–[17]. In general, BSS methods provide a decomposition of the signal into distinct topographies. Any one
of many source localization algorithms can then be applied to
obtain estimates for the one or more generators responsible for
each topography. We deliberately avoid the source localization
step to focus on the ability of the algorithm to separate signal topographies. Since our quest for generator properties is limited to
the level of sensor readings we will refer to an individual component (signal topography) extracted by BSS as source or source
topography. In the case of neurophysiological signal analysis
(EEG or MEG), BSS methods usually postulate that the number
of such “sources” is equal to the number of the sensors. In order
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to find the source of interest one has to visually inspect the estimated sources one-by-one to locate each candidate one manually. To visualize the targeted pattern, the appropriate columns
of the mixing matrix are used in a corresponding manner to the
sources, to depict their topography on the electrodes space. In
summary, BSS is used as a tool for the extraction of signal topographies. A separate step is required to obtain estimates for
the underlying activity in the brain (temporal waveforms of one
or more generator sites for each one signal topography). It is
evident that the task of recognizing the specific source becomes
increasingly harder as the number of sensors used for the recordings increases because more details become evident. It could
then become even more difficult to explain what each of the resulting maps really describes. BSS’s performance is not always
consistent for cases where individual generators of interest are
sought amongst other contributions of similar strength and properties. Performance can be particularly erratic for weak intermittent components. The origin of these problems can be traced to
the demand that the number of sources is equal to the number
of the utilized sensors. This cannot be considered as a drawback
of the separating algorithm’s performance, but as a result of the
way BSS works, as no prior knowledge about the sources of interest is incorporated beforehand.
In many cases, especially in biomedical signal analysis, we
may have some prior knowledge about the nature of the source
signals that we want to extract from the recorded data. Many
physiologically relevant signals or patterns clearly have certain
temporal, spectral or time-frequency characteristics. Examples
can include electrocardiogram waveform morphology, rhythmic
brain activity (EEG/MEG) such as alpha rhythm and seizure discharges, or transients such as eye blinks, saccades and bursts of
muscle activities. Some of these signals have known space distribution, i.e., alpha waves are larger in posterior leads, ocular
movement artifacts more frontally, and evoked potentials near
the corresponding cortical areas. In addition, as in the case of
ERPs, the temporal characteristics of the responses are already
known in advance (time latencies, and shape characteristics).
Therefore, it is desired and indeed possible to incorporate such
prior knowledge into the BSS model using only minor modifications of the estimation procedures, by imposing constraints
on the model which can act on the spatial projections, or work
on the temporal dynamics of the source waveforms. Using this
information, the algorithm guides the solution towards an expected outcome. In this case, the advantage would be double:
First, this modified algorithm, operating with no human intervention, produces a small number of topographies, each satisfying the expected behavior of a targeted underlying source.
Second, by relaxing the “blindness” of the algorithm and introducing prior knowledge, the algorithm can perform efficiently
using data of small size, making it ideal for ST analysis.
In recent years, different methods have been proposed to include prior information in BSS algorithms. We have recently
proposed a method, Localization of Individual Area Neuronal
Activity (LIANA), that uses tomographic reconstructions for a
subset of independent components (ICs) to obtain reliable estimates for the timecourse of localized brain activity [18]. It was
shown that LIANA can produce very similar estimates for regional activations from ICA methods that produce different individual ICs. LIANA uses the information in a selected set of

ICs after a full ICA analysis is completed. Some recent studies
followed the alternative approach of incorporating some prior
knowledge about the sources of interest in the form of rough
templates that can be used directly either in ICA [19] or sparse
[20] decomposition, referred to respectively as constrained ICA
(cICA) and constrained source extraction (CSE). These methods
are implemented by introducing a measure of the closeness between the estimated output and the reference signal into the general source separation contrast function, leading to a constrained
optimization problem, which can be easily solved by any suitable optimization algorithm. The motivation of the temporal
constrained algorithms is to provide a systematic and flexible
method to incorporate more assumptions and prior knowledge,
if available, into the source separation contrast function so the
ill-posed BSS is converted to a better-posed problem.
In this paper, we propose a novel approach that combines
CSE and CMA based on Random Matrix Theory (RMT) into a
powerful tool for extracting specific patterns of responses from
a collection of encephalographic data. Specifically, CSE under
sparseness constrain extracts from the full data set one component (signal topography) for each ST, in a completely datadriven way. The time course of this component around a specific latency best matches the shape of a given reference signal.
The ST topographies are then used to compute the correlation
matrix for the ST ensemble. RMT is used to identify nonrandom
eigenvalues and eigenvectors of the correlation matrix. A signal
topography can be derived for each collective excitation mode
of the ST ensemble by projecting the corresponding eigenvectors back to the sensor space. We present the general framework of the method but we restrict the examples to one concrete
case: the identification of responses to median nerve stimulation
(MNES). MNES activates the trisynaptic path which brings somatosensory information disregard the hand to its cortical representation areas, mainly the SI in postcentral gyrus of the contraletral parietal lobe. The responses there upon MNES have
a transient nature. Such transient responses could be relevant
for the interpretation of recently proposed MEG spikes [1] and
high-frequency oscillations in early somatosensory responses
[21]. We use the method to analyze simultaneously collected
ST EEG and MEG data elicited by median nerve stimulation.
About 20 ms after median nerve stimulation a well defined response can be seen in the average MEG and EEG signal, known
as the M20 and N20, respectively. It is known that much of the
activity is generated within the primary sensory cortex S1 [22],
[23] although other areas can also be activated within this time
[3]. We test the method using a reference signal with time course
and peak resembling the M20. We further study the changes in
the ST activations of the primary sensory cortex and other areas
as the center of the reference signal is moved in time.
CMA can be contrasted to predictions of RMT providing
a well-developed formalism for interpreting characteristic patterns of the correlation matrix and assigning statistical significance to measures of collective behavior. RMT was initially
proposed by Wigner in the 1960s for studying the spectrum
of complex nuclei [24], and proved to be a powerful approach
for the identification and modeling of phase transitions and dynamics of physical systems. It has been successfully used to
study the behavior of complex systems [25]–[31], such as spectral properties of large atoms, metal insulator transitions in dis-
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ordered systems, spectra of quasiperiodic systems, chaotic systems, the stock market and biomedical systems. In our approach,
we have used RMT to extract repetitive structures of the STs
using eigenspectrum analysis of the correlation matrix. This can
be achieved by considering the strongest eigenvalues and eigenvectors which provide information about the deterministic and
nonrandom properties of the ST sample and are separated from
the noisy background whose nature can also be quantified. As a
result, we construct the scalar projection of the most significant
eigenvectors on the estimated topographies to form the distinct
“eigenweights” that represent a “defuzzified” and clustered version of the ST topographies from CSE. Our choice of constraints
emphasizes strictly the temporal properties of the signal. These
defuzzified signal topographies are distinct suggesting that they
correspond to distinct sets of generators. The defuzzification
process can be enhanced by allowing for temporal jitter in the responses in each trial, and for the bias in localization introduced
by the differential sensitivity of the sensors to sources in different parts of the brain. We defer to follow up work extensions
to allow temporal jitter, introduction of spatial constraints, and
the localization of topographies.
The structure of this paper is as follows. In the next section,
the complete methodology of our algorithm together with the
statistical correlation analysis based on RMT are presented. In
Section III, some experimental results are shown, while finally
in the last section some conclusions are presented.
II. METHODS
A. Blind Source Separation
Fundamentally, the basic BSS problem assumes a set
measured data points at time instances ,
to be a combination of
under. For brain signals, the mixing
lying and unknown sources
of the sources is linear due to the linearity of the underlying laws
of electromagnetism that are responsible for the propagation
of the electromagnetic signals. In the case where the number
of the sensors equals the number of the unknown sources (i.e.,
),
and
are related by a full rank nxn mixing
matrix such that

of

(1)
The task of BSS algorithms is to recover the underlying
given only the observation signals
, or equivasources
such that
lently to estimate a separating or demixing matrix
(2)
is the set of the estimated source signals. In order
where
to solve the BSS problem a great number of algorithms have
already been proposed by various researchers worldwide [32]
based on second-order statistics, higher order statistics, information theory such as maximum-likelihood estimation, maximum entropy, minimum mutual information, and sparse decomposition.
In the brain, there are far more generators than sensors. This
forces a mixture
violation of the BSS assumption
of true generators in each recovered source from (2), but regional activations can be recovered by combining the recovered
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sources guided by anatomical information [17], [18]. If we know
in advance that, at specific latencies, some generators are activated with a particular time signature the proposed constrained
method can be tuned to find them from the ST MEG and/or EEG
signal that classical BSS methods are unable to analyze.
B. Constrained Sparse Source Extraction (CSSE)
It is desirable to incorporate prior knowledge into the analysis. For the BSS model of (2), it is possible to do so using only
minor modifications of the estimation procedures, by imposing
constraints on the model which can either act on the spatial projections, or work on the temporal dynamics of the source waveforms or both. Using this information, we could be able to guide
the BSS solution towards an expected outcome. In this paper, we
use only temporal constrains to test the ST reproducibility of the
dominant response in any latency of interest. The SI response
shows a pulse-like shape, but it was shown recently that such
pulse-like activations are ubiquitous in the brain [1]. Pulse-like
signals are by definition sparse in the sense we describe below.
can be represented as an expansion
The targeted response
:
in terms of a set of functions
(3)
The functions
are called atoms or elements of the
dictionary of functions. These elements do not have to be
linearly independent but instead may form an overcomplete
dictionary. In this paper, we used the Symlet-8 wavelet to form
a complete dictionary of functions [33]. By the term sparsity,
we mean that only a small number of the expansion coefficients
differ significantly from zero. It has already been shown
that sparse blind separation often results in superior separation
performance compared to other BSS techniques and leads to
high-quality separation even when the number of data channels
is large and the total number of samples
is small [14].
This suits our objective to examine the SI brain response in a
trial by trial manner, overcoming the requirement of at least
data samples of classic ICA algorithms [32].
In order to formulate mathematically the problem of CSSE,
matrix with the discrete
we consider the matrix to be a
in its columns,
and
signals (observations)
a matrix
with the wavelet atoms
in its columns.
Then, (3) can be rewritten in matrix notation as
(4)
where is the vector with the sparse coefficients. If a rough
of
is known, it can be sparsely decomposed
estimate
in the dictionary using the following optimization [34]:

(5)
where
is the penalty term for nonsparseness chosen to be
[35] equal to

(6)
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with

being a proximity parameter that satisfies
as
.
For most applications, the algorithm still performs well with
a reference signal that is a rough estimate of the original signal.
, the CSSE problem to be
Given such a reference signal
solved is to find a good estimate of the unknown response
, which has the sparsest representation according to the
.
dictionary , and unit covariance with the reference signal
The mathematical notation used above then leads to the minimization of the function
(7)
with respect to the constraint of unit covariance
and

(8)

In the case of a complete dictionary, the matrix is invertible
and the coefficients can be estimated directly by
(9)

every ST of the recordings, producing a separate set of weight
and corresponding source topographies
for
vectors
( is the total number of the STs). The
each ST,
holds the coefficients of the weighted linear
weight vector
and shows
combination of the data recordings that form
the contribution of each EEG/MEG sensor in the formulation
of the ST topography. These topographies will be further used
to obtain an image of the generators in the brain area by any of
many methods proposed in the literature after being statistically
analyzed using RMT presented in the next section.
1) Choice of the Reference Signal: A key point of the proposed algorithm is the choice of the reference signal
. We
use a fairly sharp pulse, appropriate for the S1 response to median nerve stimulation, but also compatible with sharp activations that may be ever present in the brain [1]. Applying the reference signal at different times would then identify the latencies
where the reference pulse best corresponds to an actual response
and for each latency the corresponding source topography. The
overall proposed analysis method is depicted in Fig. 1.
C. Correlation Matrix Analysis Using RMT

where
.
Using the method of Lagrange multipliers, the above constraint optimization problem leads to the minimization of

To further analyze the extracted topographies from the CSSE
algorithm, we study the possible existence of repetitive structures in the set of STs. We construct the correlation matrix of
and use RMT to further analyze the
the CSSE weight vectors
resulting eigenspectrum. It is expected that the strongest eigenvalues and eigenvectors will provide information about the deterministic and nonrandom properties of the ST sample and that
they will be separated from the noisy background whose nature
can also be quantified.
Let us consider the correlation matrix of the weight vectors
estimated by CSSE as in previous section. Given two vectors
and
of the same length, one can define the correlation
function by the relation

(12)

(15)

Combining (9) with (7), the optimization problem becomes
(10)
with respect to the constraint of unit covariance:
and

(11)

In order to avoid the potential instability of the above optimization function, we have used a monotonic convex transformation of the second term of (12) as in [36] of the form

where

(13)
. Finally, the optimization function becomes

(14)
which can be easily minimized using any Newton-like minimization method.
Minimization of the above function estimates the weight
results in
vector that when applied to the data matrix
that closely matches the reference
finding the response
. The above algorithm is applied independently to
template

denotes the average over the weight length. In order
where
to construct the correlation matrix , one must take all com,
and (15) to form the
binations of the elements
correlation matrix. By construction, each reconstructed weight
for every ST corresponds to an estimate of the topography of
some underlying generator(s) that behave(s) similar to the reference signal. If the topography of the generator(s) is strong in all
trials, then will be dominated by values close to unity. If the
same generator(s) appear(s) but with opposite sign in some trials
will also appear in . If a set of generathen values close to
tors is present in different trials, then the correlation matrix will
be peppered with values close to unity corresponding to pairs of
trials with the same generator(s) and values randomly dispersed
close to zero corresponding to trials with different generator(s)
or no clear generator(s). Note that if no evoked response resembling the reference signal is present across the trials, then the
output of CSSE will be a random loading of the sensor weights.
Even if a strong response is encountered in each trial but each
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Fig. 1. The proposed method scheme.

time from a different generator, then the elements of the correlation matrix will be small resembling that of a random matrix.
are reIn summary, the elements of the correlation matrix
, with 1 perfect correlation,
stricted to the domain
perfect anticorrelation and 0 uncorrelatedness.
To identify the weight vectors that remain correlated using ,
we have to test the statistics of against the null hypothesis of
a random correlation matrix that is constructed using mutually
uncorrelated vectors. If the statistical properties of are not distinguishable from those of a random correlation matrix, then we
have no statistically significant evidence for collective behavior.
On the other hand, deviations of the properties of from those
of the random matrix convey information about “genuine” correlations. So, in short, the task is to compare the properties of
with those of a random correlation matrix and separate the
content of into two groups: a) the part that conforms to the
properties of random correlation matrices and can be considered as noise and b) the part of that deviates, which can be
considered as information about collective modes of excitation
common amongst at least some the STs of the set under examination.
By diagonalizing using eigenvalue decomposition
(16)
(
) and the correone obtains the eigenvalues
that will be used for further analysis.
sponding eigenvectors
1) Eigenanalysis: Let us suppose that some generators (occurring randomly in some trials) are activated as a result of the
at
somatosensory stimulus and match the reference signal
the latency we have applied it. Consider, for example, the set
where generator
is activated. For each of
of trials
and will return the disthese trials, CSSE will filter out
generates (modified by some
tribution of the weights that
may be activated in different STs
random noise). Note that
with a different strength. As a result, in all STs belonging in

, the same weight distribution will be present but with
a different overall strength (plus some random noise). Therefore, the weight correlation matrix will consist of large values
is acfor the entries corresponding to pairs of trials that
will have high entive and the corresponding eigenvector
. If another generator
tries for the STs that have selected
is present in another set of trials
, then CSSE will return a
different weight distribution, which will correspond to another
with high values corresponding to the trials that
eigenvector
is activated. The same is applied for all eigenvectors estimated from (16) and deviate from the RMT region. In addition,
the eigenvalue of any given state is indicative of the amount
of collectivity that state stands above noise; therefore, only
states that present large collectivity (show large eigenvalues) are
of interest and will be further examined.
The proposed statistical analysis achieves two objectives.
First it filters out random topographies produced for some STs
by the CSSE step. Second, it determines whether or not the
remaining topographies cluster into completely separated sets,
simply by examining whether or not different eigenvectors
have high values for entries corresponding to the same STs.
High entries for the same STs in different eigenvectors indicate
are in some way related. In contrast,
that the generators
high entries in different eigenvectors corresponding to distinct
. In terms of
sets of STs argues for independent generators
physiology this implies that at each latency range analyzed, the
somatosensory stimulus excites a mixture of states in at least
some STs or just one generator in isolation in each distinct set
of STs.
Eigenvalue Statistical Analysis: The eigenvalue distribution
has already been applied to a number of cases to quantify the
characteristics of matrices [24]–[31]. It is a convenient representation that can provide statistical testing of significance of
identified features through comparisons of their frequency and
distributions with corresponding distributions for RMT. For ex-
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ample, knowing that the range of eigenvalues for RMT is confined to the region bounded by

(17)
( : the length of the weight vectors estimated
where
by CSSE and : the number of STs) [37], the probability density
of eigenvalues of the random correlation
function
matrix is given by
(18)
where
is equal to the variance of the elements of the weight
matrix to be analyzed, equal to 1 with a normalization. In the
, the normalized eigenvalue density of the weight
limit of
is the well-known Wigner semi-circle law,
vectors of all STs
and the corresponding distribution of the square of the eigenvalues of is then indeed given by (18). The most important
key points from the above equations are as follows.
a) The fact that the lower edge of the eigenvalue spectrum is
). This implies that there
strictly positive (except for
. Near this edge, the
are no eigenvalues between 0 and
density of eigenvalues exhibits a sharp maximum, except
(
) where it diverges as
in the limit
.
b) The density of eigenvalues also vanishes above a certain
.
upper edge
It must be noted that the above are valid only for the case of
. For finite , the singularities present at both edges are
smoothed: the edges become somewhat blurred with increasing
as well as below
probability of finding eigenvalues above
, which goes to zero as becomes large.
with that of
By comparing the eigenvalue distribution
, we can see whether the eigenvalues of fall
the RMT
showing randomness, or a small
within the bounds
fraction of them falls outside this well-defined bulk. In the latter
case, comparison of the eigenvalue distribution with the
alone is not sufficient to support the possibility that the bulk of
the eigenvalue spectrum of is random. Random matrices that
share similar correlation struchave drastically different
tures in their eigenvalues— universal properties— that depend
only on the general symmetries of the matrix [37]–[39]. Conversely, matrices that have the same eigenvalue distribution can
have drastically different eigenvalue correlations. Therefore, a
test of randomness of involves the investigation of correlations in the eigenvalues .
Let us consider a real and symmetric random matrix
with off diagonal elements
, which for
are independent and identically distributed with zero mean
and variance
. It is conjectured based on analyt,
ical and extensive numerical evidence that in the limit
this class of
regardless of the distribution of the elements
matrices on the scale of local mean eigenvalue spacing display
the universal properties (eigenvalue correlation functions) of the
ensemble of matrices whose elements are distributed according
to a Gaussian probability measure, called the Gaussian orthogonal ensemble (GOE). Therefore, our goal shall be to test the
bulk of the eigenvalue spectrum of the empirically measured

with the known universal features
cross-correlation matrix
of standard GOE-type matrices. In this paper, we will test the
statistical properties of the eigenvalues of for the well-known
universal property displayed by GOE matrices, namely the dis. The
tribution of nearest-neighbor eigenvalue spacings
results for the property listed above hold if the spacings between adjacent eigenvalues (ranked by their order) are expressed
in units of average eigenvalue spacing, using a transformation
called “unfolding”. This transformation maps the eigenvalues
to new variables called “unfolded eigenvalues” , whose distribution is uniform [37]–[39]. This procedure ensures that the distances between eigenvalues are expressed in units of local mean
eigenvalue spacing and thus facilitates comparison with theoretical results. For GOE matrices, the distribution of “nearest
is given by
neighbor” eigenvalue spacings
(19)
often referred to as the “Wigner surmise” [37]. In addition, we
with RMT results
have chosen to test the agreement of
to the one-parameter Brody distribution [38],
by fitting
[39]
(20)
where
. The case
correcorresponds to uncorrelated
sponds to the GOE, and
eigenvalues with Poisson-distributed spacings.
In this paper, we have used the Gaussian broadening procedure [40], for unfolding the eigenvalues. The eigenvalue distribution can be considered to be a sum of delta functions located at each eigenvalue. Each delta function is then “broadened” by choosing a Gaussian distribution with standard devia, where is the size of the window used
tion
for broadening.
A second independent test for GOE is the examination of
,
the distribution of the next-nearest-neighbor spacings
between the unfolded eigenvalues. For mawith
trices of GOE type, according to the theorem of [41], the nextnearest-neighbor spacings follow the statistics of the Gaussian
sympletic ensemble (GSE) [37]–[39]. In particular the distribufor a GOE
tion of the next-nearest-neighbor spacings
matrix is identical to the distribution of nearest neighbor spacings of the Gaussian sympletic ensemble [38], [39]. Theoretically, the GSE distribution is given by
(21)
Eigenvector Analysis: The deviations of the pdf of the eigenvalues of ,
, from that of a random matrix
, should
also be displayed in the statistics of the corresponding eigenvector components [27]. The distribution of the components
of an eigenvector
of a random
correlation matrix should conform to the Porter–Thomas distribution in the theory of random matrices (Gaussian distribution
with zero mean and unit variance)
(22)
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The deviations of the distribution of the components of an eigenfrom (22) are more pronounced as the separation from
vector
) increases. In general, the
the RMT upper bound (
component of a given eigenvector relates to the contribution
of ST to that eigenvector. Hence, the distribution of the components contains information about the number of STs that contribute significantly to a specific eigenvector.
Eigensignal Analysis: One could interpret the largest eigenvalues and their corresponding eigenvectors as the STs collective response(s) to the somatosensory stimulus. We can further
investigate quantitatively this notion by forming the weighted
estimated by the CSSE algorithm
sum of all weight vectors
(
) eigenvector’s
in each separate ST using the
components as follows:
(23)
The above equation gives the projection (scalar product) of
. Instead of considthe weight vectors on the eigenvector
ering the entire set of weights, one could use in (23) without
great error, only the most significant ones as they are suggested
components. Surprisingly, the
by the absolute value of the
distinct sets of trials collected from the eigenvectors that correspond to the largest eigenvalues (outside the RMT bulk) present
,
no overlap, something also found in [3]. By definition,
which will be denoted as eigenweight hereafter, shows the coland provides a better
lective response of the STs weighted by
and more accurate approximation of the signal topography corresponding to consistent brain activations across the ST set than
typical ensemble averaging of . In this study we have used the
eigenweights that correspond to the significantly largest eigenvalues (outside the RMT bulk) to compute the pseudoinverse of
, which will then be displayed on the surface of the EEG
or the MEG sensors. The pseudoinverse of the eigenweights
represents the contribution of the estimated source topography
to each of the sensors. The resulting sensor locations are then
mapped into a circle and their strengths interpolated locally for
display purposes. Thus, CMA using RMT can be used as an unsupervised clustering postprocessing step to CSSE to produce
the topography that corresponds to consistent brain activations
across STs at different latencies of interest.
III. EXPERIMENTS
A. Experimental Setup
Combined EEG/MEG recordings of SEP/SEFs elicited by
left and right median nerve electrical stimulation (MNES) have
been carried out on three subjects (all male, ages 25, 28, and
30). Each volunteer signed the informed consent form after the
experimental procedures and the purpose of the experiment was
explained. A Neuroscan STIM (Neuroscan, Compumedics)
system controlled the electrical stimulator (Grass Instruments
model S8800), which was set to produce 200 microsecond
square pulses. The intensity was adjusted for each subject by
measuring the sensory ( ) and motor ( ) thresholds. Level
corresponded to just perceptible stimulation and level
corresponded to the induction of a small twitch of the subject’s
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finger. One stimulation level (strong) was used in four separate
,
runs. In the strong stimulation the level was set to
. The strong level
where the range is defined as
was well below the pain threshold, but strong enough to elicit
a visible twitch of the thumb in each trial and impossible to
ignore. The electrical stimuli were delivered to the subject’s
wrist via dipolar electrodes, cathode proximal. A variable
... 0.2 s.
interstimulus interval was used, 1 s
Data acquisition was performed with a whole-head CTF
Omega system (VSM MedTech, Ltd., Canada) comprising
151 MEG and 33 EEG channels. Placement of the single EEG
electrodes was done in accordance with the extended 10/20
standard, with a denser coverage over the central areas (the
electrode density in the central row was double over the 33
channels arrangement). For all three subjects (N1, N2, and N3),
a total number of 1000 trials were recorded for each arm, split
into four separate runs of 250 trials each. The digitization rate
was 1250 Hz and the recording bandwidth was DC-400 Hz.
Finally, the data of both modalities were bandpass filtered from
1.26 to 200 Hz and chopped into STs ( 100 ms – 300 ms)
relative to the stimulus onset.
B. Results
1) SI Response Extraction Using CSSE: The CSSE algorithm of (14) was applied separately to the EEG and MEG ST
data by moving the pulse fixation of the reference signal
within the predefined range of interest of 14–40 ms. The reference pulse was chosen to have 2.4-ms width, narrow enough
to isolate brain responses of interest but not pick up any interfering sources at different latencies at the same time, and it was
moved with a time step of 1 ms. The reference signal affects
the analysis results only at the latency of interest we explore. In
particular, by using 2.4-ms pulse in our experiments, the time
window is narrow enough to isolate brain responses of interest
which when moved with 1-ms time steps, results in high temporal resolution. Extra experiments were also conducted using
wider pulses as reference signals. The results changed insignificantly for pulsewidth up to 6 ms, however after further increase, the method begins to pick up extra sources that are active and stay active in wider time intervals. The choice of the
pulse’s amplitude is not crucial, since CSSE’s efficacy (like
other BSS algorithms) depends weakly on details of the reference signal. In each latency within the predefined range, each ST
that closely
was processed separately. The resulting sources
matched the reference signal, and their corresponding topographies (the weight vectors ) were stored for further analysis.
We next searched for repetitive structures in the set of the estimated topographies, ignoring the bulk of small eigenvalues (corresponding to random topographies) and focusing on the ones
identified by RMT as statistically significant by the methods described in Section II.
Direct examination of the distribution of the correlation matrix elements cannot show whether its elements present randomness. In all cases, however, the distribution of the elements of
was displaced towards positive values, a sign that some prevailing correlations inside the bulk may exist. We therefore continued with the eigenanalysis to identify the topographies that
could account for the nonrandom brain responses provided by
CSSE.
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Eigenvalue Analysis: To further analyze the statistics within
the correlation matrices, we perform eigenvalue decomposition
using (16). By examination of the eigenvalue spectra (Fig. 2),
we have seen that there always exists at least one eigenvalue
), which is clearly separated from
(the largest eigenvalue
the rest of the spectrum. Comparison of the empirical distribution of the eigenvalues with the theoretical prediction of (18)
shows that small eigenvalue distribution is well reproduced by
preRMT. However, there are large eigenvalues beyond
dicted by the Wishart matrix [37]. The largest eigenvalue
obtained is more than three times larger than the
eigenvalue predicted for uncorrelated time series for the case of the
EEG and MEG recordings and can be interpreted as the most
representative collective state of the ST ensemble of one run.
From theory, it is known that the Wishart matrix is generated by
random variables without any deterministic correlations while
the weights estimated from the CSSE step have a distribution
of large eigenvalues, showing clear deviation. This indicates the
existence of deterministic correlations. For EEG, only a small
fraction of ’s (approximately 5%) falls within the RMT region defined by (17) and presents randomness. On the other
hand, for the case of MEG recordings, the fraction of ’s that
falls within the RMT region grows significantly and reaches the
value of 60%. Similar results were also obtained for other runs,
both modalities and stimulation sides.
In Section II, we have shown that comparison of the eigenalone cannot support the possivalue distribution with
bility that the bulk of the eigenvalue spectrum of is random.
Therefore, a test of randomness of must also involve the inand in particvestigation of correlations in the eigenvalues
ular, a test of the random bulk of the eigenvalue spectrum of
with the
the empirically measured cross-correlation matrix
known universal features of standard GOE-type matrices.
In the following, we test the statistical properties of the
eigenvalues of for both known universal properties displayed
by GOE matrices: a) the distribution of the “nearest neighbor”
and b) the distribution of the “next
eigenvalue spacings
.
nearest neighbor” eigenvalue spacings
In Fig. 3, we present the distribution of the nearest spacing
of the eigenvalues that reside inside the bulk for the case of
EEG and MEG (top and bottom, respectively). The eigenvalues
were first unfolded using the Gaussian broadening procedure
as in [40]. The value of the parameter used in the broadening procedure was chosen experimentally to be equal to 4.
The dotted line is the GOE prediction as given by (19) (often
referred to as the Wigner surmise). The solid line is a fit to
the one-parameter Brody distribution given by (20). The fit has
for the case of EEG recordings and
yielded
for the case of MEG, in good agreement with
.
the GOE prediction
Next, we have tested the distribution of the next-nearestneighbor eigenvalue spacings to see whether they follow the
statistics of the GSE described by (21). RMT predicts that for
the GOE, the distribution of the next nearest neighbor spacings
should follow the same distribution as the nearest neighbor
spacings for the GSE. This prediction is confirmed for the
empirical data, both visually and by a Kolmogorov–Smirnov
test as Fig. 4 shows.
To summarize, we have tested the statistics of the eigenvalues
that lie within the random bulk, for universal features
of
of eigenvalue correlations displayed by GOE matrices. We

Fig. 2. Eigenvalue spectrum for: EEG (top) and MEG (bottom) recordings. In
both modalities, the bulk of the eigenvalues is near zero and only eigenvalues
larger than 225 (100) for the EEG (MEG) significantly differ from zero. Furthermore, for the case of EEG, the eigenvalues grow almost linearly with the
largest one clearly separable. For the case of MEG, the eigenvalues grow more
smoothly but the largest eigenvalue is also separable from the rest.

have seen that the distribution of the nearest-neighbor spacings
is in good agreement with the GOE results. We have
also further tested the statistics of the next-nearest-neighbor
spacings and found to conform to the predictions of RMT.
Therefore, we conclude that the statistics of the bulk of the
are
eigenvalues of the empirical cross-correlation matrix
consistent with those of a real symmetric random matrix. Thus,
information about genuine correlations is contained in the
deviations from RMT, which will be analyzed in the following
section.
Eigenvector Analysis: Having demonstrated that the eigenvalue statistics of satisfy the RMT predictions, we now proceed to analyze the eigenvectors of . RMT predicts that the
components of the normalized eigenvectors of a GOE matrix are
distributed according to the Porter–Thomas distribution given
by (22). We analyze
for computed from the EEG and
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Fig. 3. Nearest neighbor spacing distribution of the EEG (top) and MEG
(bottom) recordings. The parameter for the Gaussian broadening was chosen
to be equal to 4. The dotted line shows the fit to the Brody distribution of (20). A
Kolmogorov–Smirnov test cannot reject the hypothesis that the GOE prediction
is the correct description at the 95% confidence level for the nearest-neighbor
spacing. The solid line shows the fit to the theoretical GOE distribution given
by (19).

MEG weights. We have chosen one typical eigenvalue
from
) defined by
. Fig. 5(a)
within the bulk (
for the eigenvalue taken from the bulk shows
shows that
. However,
good agreement with the RMT prediction of
this agreement is vanishing as we examine eigenvectors that correspond to largest eigenvalues outside the bulk as depicted in
Fig. 5(b)–(d). We have also tested the agreement of the distriwith that of the
by calculating the kurtosis,
bution
which for a Gaussian distribution has the value 3. We find signiffor the eigenvalues
icant deviations from the theoretical
that are outside the bulk, while for the remaining eigenvectors
(that correspond to eigenvalues within the bulk) their kurtosis is
consistent with the Gaussian value of 3.
Eigenweight Analysis: Since most of the components participate in the eigenvectors corresponding to the largest eigenvalues, this represents an influence that is common to most STs
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Fig. 4. Next-nearest-neighbor spacing distribution of the EEG (top) and MEG
(bottom) sensor weights. The line shows the nearest neighbor spacing distribution of GSE (21). A Kolmogorov-Smirnov test cannot reject the hypothesis
(s) is the correct distribution at the 95% confidence level for the next
that P
nearest-neighbor spacing.

under examination. Thus, the largest eigenvalues and their corresponding eigenvectors (outside the RMT bulk) could be interpreted as the different “collective” responses of the STs to the
stimuli and can be used as a clustering tool. The largest components of each eigenvector correspond to distinct sets of STs,
therefore by considering only the ones above a certain threshold
threshold), separate eigenweights from (23) corre(
sponding to different brain states are formulated. By definition,
the eigenweights show the collective response of different sets
components. The
of STs that are defined in the eigenvector’s
results show that separate sets of STs contribute to the formation of the distinct signal topographies corresponding to each
eigenweight. The two or at most three significant eigenweights
are produced by different sets of STs, each made up of 20–25
trials and with almost no overlap (at most one or two trials).
These results were found for both EEG and MEG recordings,
both stimulation sides, run numbers, and latencies of interest.
Our results therefore suggest that two to three distinct sets of
brain generators dominate the signal at each latency.
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Fig. 5. Distribution of the eigenvector components for four different eigenvectors and the case of MEG recordings (a) inside the random bulk u , (b) outside the
(with the solid line we show a comparison
random bulk u , (c) outside the random bulk u , and (d) eigenvector corresponding to the largest eigenvalue u
with the normal distribution of (22)).

In Fig. 6(a) and (b), we present the topographies of the two
most significant eigenweights for the MEG recordings using a
reference signal centered at 18 ms, when the SI response is first
expected. These topographies were extracted from CSSE using
the MEG data from all 151 sensors following stimulation of the
left median nerve. In each map the dominance of the contralateral response is evident, but the detailed structure is masked by
activity further away. In Fig. 6(c) and (d), we present the topographies of the same brain generators as previously, using
only a subset of 33 out of the 151 sensors around the consistently
activated contralateral side to the stimulated arm. The reason for
selecting only the contralateral sensor subset in Fig. 6(c) and (d)
and the consecutive figures is to mask out the brain activations
that are evident in the ipsilateral side of the brain and are strong,
in order to reveal the contralateral activations that are of our
main interest in this somatosensory experiment. These restricted
topographies, suggest two sources likely related to activation of
the primary sensory cortex (SI) on the posterior bank and the
primary motor cortex (MI) on the anterior bank of the central

sulcus. Responses to median nerve stimulation on both sides of
central sulcus have been demonstrated by the analysis of average [42] and ST [3] MEG and from fMRI studies [43]. In
these studies, MI responses are consistently found for relatively
strong stimuli—around motor threshold—like the ones used in
the present study. Similar results to the ones presented in Fig. 6
were obtained for stimulation of the right arm and for the other
two subjects.
In Fig. 7(a) and (b), we present in the same format the topographies for the EEG modality (same subject, run number,
and stimulus side as for MEG). In these topographies, the contralateral response is also evident, but the detailed structure is
more heavily masked by activity in other brain areas than for the
MEG case. To reveal brain activity in the region of interest only
those electrodes located in the contralateral side to the stimulation were used as in previously (18 electrodes) and the topographies of the generators were redrawn [Fig. 7(c) and (d)].
Judging similarity of EEG and MEG patterns is difficult, in
addition to the obvious problems generated by differences in
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Fig. 8. Topographic plots of the eigenweights that correspond to the largest
eigenvalue 
and the MEG modality at 18 ms and subject N1 using reference
pulse width of 26.4 ms. The topographies are drawn using all 151 MEG sensors
(left) and the same subset of 33 sensors (right) as previously. It is evident that
the algorithm picks up extra sources as the reference width increases. Similar
results were also found in other time latencies as well.

Fig. 6. (a), (b) Topographic plots of the two most significant eigenweights es(left)
timated using a reference signal centered at 18 ms (corresponding to 
and 
(right)) for the case of MEG recordings. In these plots all 151 MEG
sensors were used. (c), (d) Topographies of the same brain generators as previously, using only a subset of 33 out of the 151 sensors located over the region
of interest in the contralateral side of the stimulus. It is clear that the proposed
method isolates two distinct regions.

Fig. 9. Topographic plots of the eigenweights that correspond to the largest
eigenvalue 
and the EEG modality at 18 ms and subject N1 using reference
pulse width of 26.4 ms. The topographies are drawn using all 33 EEG sensors
(left) and the same subset of 18 sensors (right) as previously. It is evident that the
algorithm also picks up extra sources as the reference width increases. Similar
results were also found in other time latencies as well.

Fig. 7. (a), (b) Topographic plots of the two most significant eigen-weights es(left)
timated using a reference signal centered at 18 ms (corresponding to 
and 
(right)) for the case of EEG recordings. In these plots all 33 EEG
sensors were used. The contralateral response is also evident, but the detailed
structure is more heavily masked by activity in other brain areas. (c), (d) Topographies of the same brain generators as previously, using only a subset of
18 electrodes located in the contralateral side to the stimulation. The EEG maps
have been changed and now one may discern a tendency for them to look a little
like the MEG maps rotated by 90 .

electrode/coil spacing of EEG and MEG topographies. If the
measurements are generated by the same tangential focal source
then the EEG and MEG patterns will be similar, but rotated by
90 . The addition of a radial generator will only produce an EEG
signal, exactly where the MEG signal is small. In any real situation a generator will be composed of both radial and tangential

components and therefore very different-looking topographies
may be the result. However, if one focal generator is present then
the pattern should be seen in roughly the same part of the head.
This is broadly the case in Figs. 6 and 7, and for the restricted
topographies in Figs. 6(c) and (d) and 7(c) and (d) a tendency
can be seen for the EEG maps to be similar to the MEG maps,
but rotated by 90 .
In Figs. 8 and 9, we show a comparison of the sources estimated by the proposed method on subject N1 at 18 ms when
using a wider reference signal 26.4-ms width for the MEG and
the EEG modality respectively. It is evident that the algorithm
picks up extra sources that are active and stay active in a wider
time interval. Similar results were also found in the other time
latencies of interest.
Finally, to further investigate the proposed method’s efficacy
and its ability to point out significant brain responses, we have
tested the CSSE algorithm by moving the reference signal with
1 ms steps, starting 50 ms before the stimulus and ending 50
ms after, using a fixed width of 2.4 ms. In Fig. 10, we depict
the modulus of the topographies estimated by considering only
the most dominant eigenweight at all time latencies as a dynamical plot. It is clear that the proposed method finds “significant”
strong responses at time instances that conform to neurophysiology (early brain responses before 20 ms, as well as strong
brain response at 35 ms after the stimulus).
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Fig. 10. Dynamic plot of the topography modulus for the case of (a) EEG (solid
line) and (b) MEG (dotted line) recordings. It is clear that the CSSE method
estimates significantly strong brain activity at correct latencies of early brain
responses before 20 ms, as well as strong brain responses at 35 ms after the
stimulus. The shaded region includes the stimulus artifact which has a strong
effect only on the EEG topographies.



IV. CONCLUSION
In this paper, we have presented the theoretical background
of a novel method of evoked response estimation in somatosensory data analysis using encephalographic data. The proposed
method utilizes constrained source extraction based on sparse
decomposition to estimate the brain generators that are active
in a trial by trial manner. Correlation matrix analysis based on
RMT separates out and clusters the non-random brain regions.
The proposed algorithmic steps offer an effective, unsupervised
method for clustering the STs that are active at specific time
instances, as demonstrated by the experiments of the purest SI
brain response analysis at 18 ms.
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