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Single-Trial Classification of MEG Recordings

Marcos Perreau Guimaraes*, Dik Kin Wong, E. Timothy Uy,  Logan Grosemick, and Patrick Suppes

. Abstract—While magnetoencephalography (MEG) is widely
used to identify spatial locations of brain activations associated
with various tasks, classification of single trials in stimulus-locked
experiments remains an open subject. Very significant single-trial
classification results have been published using electreencephalo-

"gram (EEG) data, but in the MEG case, thc weakness of the
magnetic fields originating from the relevant sources relative to
external noise, and the high dimensionality of the data are difficult

" obstacles to: overcome. We present here very significant MEG
single-trial mean classification rates of words. The number of
words classified varied from seven to nine and both visual and
auditory modalities were studied. These results were obtained
by using a variety of blind sources separation methods: spatial
principal components analysls (PCA), Infomax independent

- components analysis (Infomax ICA) and second-order bliud iden-

tification (SOBI). The sources obtained were classified using two
methods, lincar discriminant classification (LDC) and v-snpport
veetor machine (1-SVM). The data used here, auditory and visual
presentations of words, presented nontrivial classification prob-
lems, but with Infoimax ICA associated with LDC we obtained high
classification rates. Our. best single-trial mean classification rate

was 60.1% for classification of 900 single trials of nine auditory

* words. On two-class problems rates were as high as 97.5%.

Index Terms—RBrain, classification, MEG, classification, single
trial, ICA, linear discriminant, PCA, SVM, SOBL

) ) I. INTRODUCTION . .
‘N RECENT years a widespread: research effort has im-
Ip:oved automated classification of electroencephalogram
(EEG) signals associated with motor, behavioral and language
tasks [1]-[4]. For a number of reasons, few attempts at mag-.
" netoencephalogram (MEG) data classification have been made
. [5], [6], with the exception of epileptic spike detection, Mean-
" while, MEG is widely used to identify spatial locations of brain
activations [7]. The classification of MEG single trials presents
two major challenges. First, the magnetic fields generated by

‘the brain activity are extremely weak, and usually contaminated

by external noise several orders of magnitude greater than the

signal. Second, subject fatigue and cost typically constrain
the number of trials recorded in a scssion to a number not.-

much larger than the number of MEG channels, on the order

- of 150. The sparsity of trials relative to the large data dimen- -

sionality requires strongly regularized models to achieve any
‘generalization of the results to independent data. Separating
sources from the mixture of magnetic fields recorded by the

sensors is the first step in reducing data dimensionality. This
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can be done by solving Maxwell’s equations, a method widely .
employed in spatial localization of the electromagnetic dipoles. -

For classification; we are less interested in localization than
we are in separating the independent components of the signal.:
In recent years, new statistical methods allowing such blind:

- separation of independent components from complex signals

have been proposed. Independent components analysis (ICA):

_is widely used for unmixing brain signals from artifacts in:

EEG data. Several studies have shown its ability to identify
artifact sources [8], [3). For MEG data; [10]-{12] suggest that:
ICA is also able to separate artifacts from the relevant data and;
provides a method for spatial analysis of the sources of brain:
activity. Another blind source separation method, second-order
blind identification (SOBI) [13], has also been used to unmix
MEG data. However, in [14], SOBI has been utilized primarily
to improve source localization. We will also compare these two.

“methods with spatial principal components analysis (PCA);

which has long been used to uncorrelate sources both for EEG

-and MEG data.”

In this paper, we extend the use of ICA from artifact cor-

‘rection and source localization to single-trial classification of

MEG recordings, showing that it -significantly improves the’

‘mean classification rates. Once sources have been resolved,’

there remains the problem of selecting the most relevant ones .
and building a model for classification. Here, we use two dif-. -
ferent methods of classification. The first, linear discriminant
classification (LDC), is a proven statistical method for finding-
the linear combination of the features that best discriminates-
the data in the classes of interest, words in our case. As it is not
obvious that a linear method is optimal for classifying MEG
data, we also used v-support vector machine (#-SVM), a more
recently developed nonlinear classification method.

- The data analyzed here are from a prekusly pubhshed [15]
experiment- in which we classified averaged EEG and MEG

" recordings time-locked to the presentation of distinct words, 1n

the audltory and v1sual modalities.

]I. DATA

~ The analysis presented here is meant to illustrate a method,
and, therefore, does not focus on drawing any physiological
conclusions from the results. The subject labels 51-85 come-
spond to those uséd in [15]. The magnetically shielded room in;

.the Magnetic Source Imaging Laboratory (Biomagnetic Tech~i

nology, Scripps Institute, San Diego, CA) housed a Magnes
2500 WH Magnetic Source Imaging System with 148 Sensors |

- covering most of the scalp. The magnetic measurement of each’

of the sensors was recorded in a frequency bandwidth from 0.1,
Hz to 200 Hz and was digitized at a sampling frequency of 678
Hz. Technical problems at the time of the recording of some of-
the sessions lead us to exclude two sensors from all our data,
thercfore, all scssions have 146 channels. ‘

. Three different conditions were used in this experiment. In
the first condition, auditory speech (words) were presented to
the subjects, who were only instructed to listen carefully. In the_
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second condition, the words were presented visually on a com-
puter screen, one word at a time, the subjects being instructed
to silently say the words. The third condition was identical to
the second except the subjects were instructed to say the words
aloud. We used only the two first conditions in this paper. In
the first condition, for S1 and 82 the recording of each trial
started 0.5 s before the onset of the stimulus for a total du-

“ration of 2.5 s. For 8385 the recording started 0.3 s before
- the onset of the stimulus and lasted 1.5 s. Stimulus-onset asyn-

" .chrony varied from 2.5 s to 2.7 s for S1-S2 and from 1.5 s
to 1.7 s for S3-85. The duration of each stimulus was about
. 300 ms. Subjects S1 and S2 were presented with seven different
words ( First, Second, Third, Yes, No, Right and Left), with 100
trials of each word for a total of 700 trials. Two words, Twe and
Here, were added to the auditory condition for subjects 83-85,
yielding a total of 900 tnals, again with 100 trials per word,

In the second condition, the same words were presented for
200 ms, with random uoise masks presented before and after
each word. Stimulus-onset asynchrony was the same as in the
first condition. For subjects S1-S2, the same seven words as
in the first condition were presented. For subjects S3-85, two

. homonyms of Tiwe, namely To and Too, and one of Here, namely
Hear, were added for a total of 1200 trials (100 tuals of each

. word). :

In our cuirent apalysis, we downsampled the data with a
ratio of 16:1, cutting the bandwidth from 339 Hz to 21.2 Hz. A
prefiltering to the Nyquist frequency was performed to avoid
aliasing. A prelirninary analysis using 4:1 and 8:1 downsam-
pling instead of 16:1 did not improve classification results. We

. do not mean there are no features above this frequency in MEG
signals; gamma oscillations have been documented [16]. A
wider bandwidth may be of interest in some applications, but it
comes at the cost of an increased complexity of the model.

IIf. BLIND SOURCE DECOMPOSITION

The formulation of ‘the problem is simple. Let X be the
(TN x C) matrix recording of T' trials of N samples on C
channels corresponding to sensors fixed at different spatial
positions. These recordings are assumed to be a linear mix of
* fields produced by L independent sources S = ATX, where A
is an unknown linear mixture transformation. Two assumptions
concerning, the sources are made. The sources must be spatially
fixed during the time of the experiment and the propagation
of the fields from the sources to the sensors has to be instan-
taneous. If not absolutely true, these hypotheses are met to a
first approximation [8], The blind-source separation problem is
then to find the matrix H such that 8 = HTX is as close as
possible to the unknown sources S.

A. Spatial PCA Decomposition

I {X1,...,X¢} are random variables underlying the data
for each channel, then the covariance matrix is given by

SX :COV{Xl,...,Xc} (1)

and is diagonalized by

SX =H'DH @]
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where D) is a diagonal matrix containing the eigenvalues sorted
by absolute value, and H a matrix whose columns are the cor-
responding eigenvectors. The uncorrelated sources (also called
orthogonal solutions) are given by HTX. A stable method to
obtain uncorrelated sources is the singular value decomposition
where X is decomposed by

X =U,DU] 3
where Disa diagonal matnx, Uy is a C x N matrix containing
the normalized uncorrelated sources and Uy a C x € matrix.

B. Informax ICA

“The most popular ICA method for separating EEG sources
is Infomax ICA, a method to solve the blind-source linear-sep-
aration problem based on an independence criterion. Infomax
ICA uses.a criterion of independence to find the matrix H such -
that the estimated sources 8’ = HX are as independent as pos-
sible. As independence can be tested by several methods, dif-
ferent ICA algorithms have been proposed, based on different
estimations of independence. The matrix H is not necessarily
square, but the number of sources resolvable from €' channels
is always less than or equal to C'. In most cases, the number of
sources is arbitrarily fixed equal to C' and H is a square matrix.

. 'We follow this assumption in our current investigation,

The principle of the Infomax ICA algorithin is based on max-
imizing the entropy of the output of a singlé layer neural net-
work, in other terms, to maximize the joint cntropy of the vectors
{yi = o (th) }, where H = (hy .. hc) are the weights of
the neural network and g; a set of nonhnear functlons The ma—
irix H is updated by

= (I + pul)H

where u = Hx and p; = 8/0u;{In(dy; /Bui)) ,
The ideal forms for the functions g; are the cumulatwe dlsin-
bution functions (cdfs) of the sources ;, but thesg are nnknown.
In the original Infornax ICA method, the cdfs of the sources
were approximated by a single sigmoid. As a consequence of
this approximation, this method can only separate sources with
kurtosis of the same sign. The choice is then to separate sources -
with positive kurtosis (super-Gaussians). But some sources of
interest, such as the 60 Hz AC, are better approximated by dis-
tributions with negative kurtosis (sub-Gaussians). To generalize
the method to sources with negative kurtosis, the extended In-
fomax ICA algorithm [17] takes into consideration the sign of
the kurtosis by using two functions gy and g for super-Gaussian

@

"and sub-Gaussian sources. However, in this method the sign of

the kurtosis must be evaluated for each source as the matrix H

is updated, which increases the computation time. In our case,
the narrowness of the bandwidth, 21.2 Hz, eliminated a1l signif-
icant sub-Gaussian sources and the extended Infomax ICA does
not improve the separation of the sources. All the ICA computa-
tions presented here have been performed using the MATLAB -
toolbox EEGLAB developed in [18]. '

C. SOBI

Another approach usés the assumption that if the sources are
independent they are also uncorrelated for any titne shift. So the
autocovariance matrix R,(7) should be diagonal for any time
shift 7. The decomposition problem is then to find the matrix A
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that simultaneously diagonalizes all the mairices R.(7) for any
7, or more formally, to find A such that

Rx (r) =

and R,(7} is diagonal for any 7.
As it is not obvious that such a matrix exists, reference [13]
proposed an approximation method based on the joint diago-
. nalization of a set of K covariance matrices {R (7))} where
Z = WX is the whitened version of X. The set of K different

ATR,(T)A &)

nonzero time lags 7 is defined in [13]. The authors prove the -

theorem stating that, under the condition that for at least one
matrix R, () the eigenvalues are not degenerate, any joint di-
“agonalizer of the set of matrices {R, ()} is essentially equal
{equal to a permutation of the rows) to U such that WA = T,
where W is the mafrix whitening X .
" The main difference between Infomax ICA and SOBI is in
the interpretation of the data structure. For Infomax ICA, for
each channel each trial represents N independent observations
of a random variable, therefore, it does not take inte account the
order of the samples. The SOBI method sees a trial in a.channel
as one observation of a random process. The order in time of
the samples matters. As the actual samples are not independent,
in theory SOBI uses a better representation of the data. But this
- theoretical improvement is obtained at the cost of working at
- the second order while Infomax ICA takes higher moments into
account. For the joint diagonalization of the covariance matrices
- we used a MATLAB routine publicly available and described in
T19].

IV. CLASSIFICATION

- Inthis sectien, X is the random process in which observations )

{Xi,...,X7} represent indifferently one channel of the data
or one decomposition source. It can also be seenas aZ x N
" matrix, each row being a trial of NV samples. Fach data set and
each spatial decomposition (raw MEG, PCA, Infomax ICA, and
SOBI) are classified independently. of each other. Our goal is to
predict the word presented at the recording of this single trial
among the set of words presented during the whole session.

A. Classification Problem

If T trials {Xi,..., X} that are to be classified are parti-
tioned into two categories w,; and wo, the two-class classifica-
tion problem on X is to find a decision function

h:IRK — {11}
hix)=-1x€uw
: =1ifx6w2

©

that minimizes the classification error. We use here two different
classifiers. In the first, LDC, % is a linear function of the data.
The second, -SVM, uses a nonlinear decision function.

In our current application, we need to classify the ob-
servations in more than two groups. To build a multi-class
classifier from a two-class classification method we use the
one-against-all strategy. We define several two-class problems
corresponding o the elementary problems '

hj(x) —1ifze wy

D= —lifodw @

“where w; is the set of trials of class j. For a test trial = the i

maximizing h;(z) is the predicted class. The decision function
usually depends orn a set of parameters that have tobe optimized
relative to the data X.. The classification is then performed in two
steps, the learning is the optimization of the parameters using a
training set X -, and the validation is the clasmﬁcatlon of atest
set X7, by the optimized classifier,

B. N-Fold Validation

Obtaining a single classification rate based on one arbitrary:
partition of the data into training and test sets does not provide a
good estimate of a classifier performance. A classical estimate is
given by the "leave-one-out” method in which T classifications
are performed, each time using T' — 1 trjals as training set and
the remaining one for the test set. The average of the T" classifi-

-cations rates is an estimator of the mean classification rate. This

method can be computationally very expensive-and a general- -
ization has been proposed for cases in which it is not feasible to
use the “leave-one-out” method. .

rI'he trials-are randosnly partitioned in () even groups X, ¢ =

., Q. If T isnot divisible by €} the last group X gets the re-

mamder of the trials. Then (7 classifications are performed, with,
inthe g** step, thetestsetformedof the trials of X, and the training
trials taken in‘the union of the other ¢ — 1 groups. The average
of the ¢} rates is used as the estimation of the mean classification
rate. These methods are discussed in detail in [20}, [21].

" As the numbers of trials per class are balanced we use a
simple method to estimate the significance of the results. Under
the null hypothesis of random labeling of the T' trials into J
classes, the p-value of a given mean classification rate ¥ is con-

_servatively bounded by

o
PE2[F)=1- (D (1= ®

n=0

where | 7| is the largest integer equal or less than 7. The last term
is the cumulative distribution of a binomial distribution R with
parameters p = 1/.J and T It is worth noting that this p-value
is independent of the number of validations ¢J. In this paper, -
we used a tenfold validation. To test if the difference of perfor- |

mance between two methods is significant, we use a paired t-test
between the two sets of ten rates coming from the tenfold vali- .
dation of the two methods. :

C. Feature Reduction _
The number N of samples of a trial is, even after down sam-

-pling, on the order of 100. If we combine several channels or - -

sources this number is on the order of several hundreds. Using
directly these samples as the features for the classification leads
in general to poor generalization as the problem is then heavily
under sampled. To reduce the dimension of the data we decom-
pose the data using the Karhunen-Loeve transformation, i.c., we
projectthe dataintothe eigenvectors of the covariance matrix X x. -
This is similar to PCA, but unlike the spatial PCA source sepa-
ration described earlier, here PCA is not applied across channels
to find spatially uncorrelated sources, but across samples.
The empirical covariance is computed by

Ry = ZXTX — MM ©

where M is the ﬁean of X.
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The diagonalization of R. yields the prihcipal components of -
X ,

Rx = BDRBT (10
where the eigenvalues of R x are sorted by decreasing absolute
value in the diagonal matrix D and the columns of B permuted
accordingly. The number K of features to keep is a parameter
optimized in the training. We used this feature reduction for both
classifieation methods, The data in the reduced feature space are
given by

(11
where.B ;- is the N % K matrix composed of the K first ein-

genvectors of Ry. This transformation is applied to the data
before the classification step described in the Sections IV-D-E.

X=BLX

For simplieity’s sake the transformed data are still denoted X, -

D. Linear Discriminant Classification

Let M; = E(X|w;) be the mean of X knowing the category

. w;, and ¥; the covariance matrix of X knowing the eategory

w;. The classification problem is to determine to what category

. atral belongs A linear discriminant function of this random
process is an affine transformation

R(X)=VTX 41 (12)
where V is a vector of N coefficients and v a scalar. If h(z) <
0 the trial  is classified as category w1 ; conversely, it is classi-
fied as category wy if h(x) > 0. Several criteria can be used to

“optimize h, or, what is equivalent, optimize V and 1.

The general setting of discriminant analysis deﬁnes the

- within-class scatter matrix

2
Sux =) B (13)
i=1
_and the bet\&éen—class scafter matrix |
2 .
Sex = » . Py(Mi — Mg) (M- — M)T (14)

i=1

where P; = P(wz|X ) is the probability of class w; given X
and My = E P;M,; is the mean of the mixture. Computing
these matrices on Y = VX yields

Swy =VT8.,xV

Sty =VTSsx V. - (15)

Finding the best linear transformation V is then done by max-
imizing a separability criterion on these matrices. Several sepa-
rability criteria have been proposed. The most common is

T=1r (831 Sey) (16)

. details on these methods can be found in [

where tr (SwYSbY) is the trace of the matrix S7} Spv-. The
opnmal projection V- is given by the eigen decomposmon of
5. XS;, x . Also for the two-class problems the rank of § XS;, X
is necessarily one, and only one cigenvalue is nonzero. So
tr (S;}( be) = A and V is the associated eigenvector

= (P81 + PEo) " (Mz — M) (17,

which, when P; = P = 1/2 is-also called the Fisher discrim-
inant. .

We computed the eonstant vo using a classical univariate
analysis of VTX. For a review of these methods see [22]-[24].

E. v-S¥YM

For a two-class problem, SVM [25] is a nonlinear method that
projects the data into an higher dimension space H where the
data are linearly separable. The mapping ¢ : I RY — H de-.
fines this projection and there is a unique hyperplane (w, b) that
separates the two classes of the training trials and maximizes the
distance to the nearest point, also ca]led the margin. The deci-
sion function is then

h(z) = sign(wT¢(z) +) a9

.where  is a test trial, If the parameters were simply optimized

by minimizing the squared norm of w under the constraint of .
no errors on the training trials, there would be no control on
generalization of the results to independent test data. To control
the generalization and allow errors on the training irials several
implementations of SVM exist. The different SVM algorithms
differ in the manner they permit errors inside the margin. We
chose »-SVM [26] as a readily available method. It actually
gives solutions identical to those of the other main algorithm,
C-SVM, the difference being only in the form of the parameter
to optimize, In this method, v is the parameter that controls the
degree of generalization in the optimization. This problem is
equivalent to a quadratic optimization and the soluhon isof the

form

19)

e
h(z) = sign (Z yiask(Ts, ) + b)

z=1
)

where ¥; are the labels of the training trials ¥; and a; the co-
efficients defining the separating hyperplane. The solution de-
pends on the inner product x(z;, z;) = ¢(z:)T¢(z;), called
the kernel function, and methods are defined by specifying this
kernel function, instead of giving an explicit expression to the
mapping function ¢. Different kernels have been proposed since
the introduction of SVM, the most popular beingthe radial basis
function x(z;, ;)= exp (—fy s — :cjﬂ?wherefr > (. More
71, [28] for a general

overview of SVM and [29] for a discussion of -SVM.
As in the linear-classification problem, reducing the aumber
of dimensions is critical and we used a selection of K principal

components obtained by the training process, as in the LDC
case.
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TABLE 1 '
INDIVIDUAL CHANNEL AND SOURCE MEAN CLASSIFICATION RATES IN %

RAW PCA ICA SOBI1

Ns CL LD SYM LD SVYM LD S5Y¥YM LD SVM
51 AUD 7 143 21,7 197 291 303 289 323 330 340
S1 VIS 7 143 240 211 243 23.1 31,7 324 294 251
§2 AUD 7 143 209 200 240 13.1. 303 280 251 149
51 V1S 7 143 234 263 291 1294 374 383 4.6 216
521 VIS 7 143 274 260 277 17.7 389 437 369 343
53 AUD 9 1.1 230 240 4%4 457 501 497 33T 324
53 VIS 10 "10.0 122 118 133 131 155 154 141 155
S4 AUD 9 111 168 165 224 202 328 313 234 113
$4 VIS 12 83 113 1.8 124 119 136 126 123 130
55 AUD ¢ 111 200 132 233 273 261 253 219 218
55 VIS 12 83 149 126 165 152 210 189 1383 17.5

The first column identifies the session, the second and third columns give the
_numbcr of distinct words (classes) and the chance level in percent. The re-
_maining columns give for each method the best mean classification rate over
the individual channels (raw MEG) and individual sources (Informax ICA, spa-
tial PCA, and SOBI).

V. RESULTS

A. Classtfication With the Raw MEG Channels

We first classify the words independently for each raw MEG
channel. The fourth column of Table I gives the mean classifi-
cation rates of the best channel for each data set. The best rate
is 27.4% (p-value < 10~9), In all cases, several channels have
mean classification rates above chance level and, as the classifi-
cations methods we described do not depend on the ordering of
the features, we can combine channels by concatenating them.
- 'We limit ourselves to combining the three channels having the
_best mean classification rates in the individual-channel classifi-
.cation. A search of the optimal number of sources to eombine

would require us to introduce this new parameter into the val-

idation, which presents technical problems we do not pursue

here. Using more than 3 features, with N on the order of 100,

leads to stability problems in the eigenvalue computations on
_the 3N x 3N covariance matrices. The best combined result is
41.2%, obtained for a different subject and a different modality

than in the individual-channel classification. This is well above

the chance level of 14.3% but the mean error rate (58.8%) would

not be acceptable in many applications, even if it is statistically

very significant, having a p-value on the order of 10719, The.

p-value does not depend only on the mean classification rate,
- but also on the number of classes and the number of trials. For
~ the same classifier applied to the same set of data its p-value
improves as the number of trials increases. But in terms of ap-
" plications, tlie main criterion is the mean classification rate (or
conversely the mean error rate), which remains essentially con-
stant. What improves with the number of tr1als is the estimation
‘of the mean classification rate. Statistical significance is impor-
tant to check that the estimations of the mean classification rates
are accurate, but at the leve] of the p-values we present here,
having 10719 or 1071 does not tell us inuch more than that
both cstimations are very good. Our main goal here is to im-
prove the mean classification rate.

b Cl-asszﬁcatfon Using the Decomposition Methods

" For this purpose we repeated the same analysis with the
same data sets.preprocessed by each of the three .decom-
position methods, spatial PCA, Infomax and SOBI. For the
individual-source classification, Infomax ICA and spatial PCA
gave very similar results, with the best mean classification rates
being 50.1% and 49.4%, respectively. These were obtained
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0 ms 1500 0 ms

Fig.‘ 1. Averaged (left) and some individual trials (right) for the first three words

First, Secend, and Third, from the best Infomax ICA source of subject $3 au-

ditory. On the left, to show the stability of the averages, two averaged curves

nsing randomly selected halves of the trials are displayed.

on the same data set, $3 auditory. The best result for SOBI
was 36.9% on S3 visual and 33.7% on S3 auditory, clearly
worse than the two other decomposition methods. For the
three best combined-sources classification, Infomax yiclded
a mean classification rate of 60.7% on S3 auditory, spatial
PCA yielded 52.1% and SOBI yielded 40.1%. As with the raw

MEG channels, combining the three best sources significantly -

improved the mean classification rates. Analyzing the ten rates

before averaging in the tenfold cross-validation, paired t-tests

between LDC raw MEG channel results and LDC Infomax
ICA results showed that the wmean classification rate differ- .

ences were significant at the 95% level for all subjects. The

increase in performance obtained using Infomax ICA is also - :
important in terms of mean classification rate, yiclding a 15.4%

increase on average across subjects in the combined-sources |
classification. Spatial PCA was a close second in the individual :

source classification, but Infomax led clearly, by 8.6%, in the

combined-sources classification, In this case, spatial PCA and -

SOBI showed similar performances, 27.8% versus 27.3% on "

average across subjects. Fig. 1 shows averages and single trials
for the best Infomax ICA source of 83 auditory, for three of the

nine auditory words presented to the subject, First, Second, and
Third. Smooth ERPs are clearly visible on averaged trials and

even discernible in individual ones.

C. Comparison Between Best Sources With LDC and v-SVM

All the results we discussed above were obtained by the LDC -
method, as v-SVM results were slightly inferior. A question of -

interest is how differently LDC and v-SVM rank the sources. |

Table IH shows the three best Infomax ICA sources for LDC

and »-SVM for each subject and each modality. The sources in -
the top three with both methods are in bold. The correlation is -
quite clear and in the best case, 83 auditory, the triples are ex-
actly the same. This makes it unlikely that one of the methods
finds relevant spatial features that the other method does not. It *
may suggest why the nonlinear method 1-3VM does not outper- .
form LDC, although this remark is pertinent only for the number -,
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TABLE I :
COMBINED CHANNEL AND SOURCE MEAN CLASSIFICATION RATES IN %

441 .

TABLE IV
WORD PAIRS CLASSIFICATION

RAW PCA ICA SORBI
Ns CL LD SYM LD SYM LD SYM LD SVM
81 AUD 7 143 206 194 320 269 409 189 BT 171
S1Vis T 143 214 234 257 243 443 231 283 114
52 AUD 7 143 180 186 229 277 3246 223 271 187
S2VIS 7 143 223 2.3 343 337 426 230 217 209
82VIS 7 143 274 249 314 300 506 274 397 317
53 AUD % 111 412 188 521 475 607 587 401 376
S3VIS 10 100 149 97 120 121 197 131 179 102
54 AUD 9 1.1 274 19.7 1290 267 424 402 323 281
54 VIS 12 83 114 94 114 113 134 105 139 94 -
85 AUD $ 111 204 219 357 335 366 187 242 167
. SSVIS 12 B3 164 153 190 193 263 134 217 127

In each case, the channels (or sources) selected were the best channel {or

source) used for Table 1 and the channels (or Sources) ranked second and and
third

- TABLE III .
COMPARISON BETWEEN THE RANKING OF THE INFOMAX ICA SOURCES OF
$3 AUDITORY
e SYM
$1 AUD 19 44 36 . 18 51 1%
SIVIS ‘73 67 81 73 107 116
52 AUD 12 17 63 12 108 79
52 VIS 38 115 108 49 108 115
82 VIS 125 137 95 54 95 125
S3AUD 45 78 89 45 78 &9
" S3IVIS 93 31 111 93 50 59
S4 AUD 86 49 To 86 69 To
S4 VIS 53 122 110 110 71 106
S5 AUD 139 78 26 109 141 26
$5VIS 88 103 &7 88 60 55

The numbers are the labels identifying the sources. for each classification
method, LDC on the left and ¥-SVM on the right, the three best sources are
shown $orfed on descending order of mean classification rate.

of trials available in this paper. If the features relevant to the
classification are nonlinear in nature, then the nonlinear method,
being more complex, could outperform the linear method, given
more trials on which to optimize the parameters.

D. Two-class Analysis

- Most classification studies found in the brain-imaging liter-
ature are concerned with the classification of two classes. This
is also the case for most current brain computer interface (BCI)
applications. Above, we discussed results involving the classi-

fication of seven to nine words. The difficulty of classification
usually increases with the number of classes. With the very good
rates we obtained in some of the nine-word cases, we could ex-
pect classification rates near 100% in some of the underlying
two-word problems. As a comparison we present here only the
results using LDC on the best individual source of S3 anditory.
We computed the mean classification rates for each of the 36
possible distinct word pairs taken among the nine words. As can
be seen in Table IV, the best mean classification rate was 97.5%
for the Second versus Third pair. Six rates were above or equal
to 95% and ten were above 90%. The lowest rate was 71.5% for
the pair Right versus Left.

E. Artifact Correlation With the Best Sources

Good classification results, even with proper cross-validation,
are not by themselves enough evidence to claim that we are suc-
cessfully classifying words from intracranial activity. We must
also show that the coinponents of the data, here the ICA sources,

First Second Third Yes No  Right lefft Two Here
First
Second 9.5 .~
Thid 908 975 .
Yes 756 5;9.0 945.0 .
No 886 937 970 745 .
Right 719 926 8L1 865 955 |
leff. 711 950 890 B840 B4O  7LS .
Two 7.5 881 917 847 886 TS T34 .
Here B4.0 860 973 822 728 940 835 B0

Combi.ned mean classification rates in percent obtained by LDC on all 36 dis-
. tinct word pairs among the nine words. The data used were the best Infomax
ICA, source of §3 auditory selected for Table I
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Fig.2. Mean classification rates of raw MEG channels versus their correlations
to the vertical EOG channel for subject S3 auditory.

are not significantly correlated with artifacts, All the data sets
presented here had control channels recording extracranial ac-
tivity such as vertical electrooculogram (EOG) and electroear-
diogram (EKG). Fig. 2 shows the mean classification rate versus
the correlation of the raw MEG channels of subject 53 auditory.
Fig. 3 shows the mean classification rate versus the cormelation

-with the EOG channel for each of the Infomax ICA sources of

subject 83 auditory. It shows that ICA sources having signifi-
cant mean classification rates have almost no correlation with
EOG activity, while the picture is far more mixed in the case -
of the raw MEG channels. In fact, Fig. 3 shows a near orthogo-
nality between Infomax ICA sources with significant mean.clas-
sification rates and sources highly correlated with EOG. An-
other method is to check that the localization on the scalp of the
sources yielding the best mean classification rates is inconsistent
with known artifact characteristics, From the spatial decomposi-
tion coefficients it is possible to interpolate the influence of any
point on the scalp and to plot scalp maps. Each source is de-
fined by a linear combination of the sensors. Each coefficient is

-the contribution of a sensor to the sipnal estimated at the source.

This is true for all three methods of decomposition. Figs. 4 and
5 show scalp maps obtained with EEGLAB using such inter-
polations. Fig, 4 shows scalp maps of the three Infomax ICA
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Fig.3. Mean classification rates of Infomax ICA sources versus their correla-
ttons to the vertical EOG channel for subject S3.

45 (50.1%)

74 (30.6%) 89 (27.0%)

Fig. 4. Scalp maps of the three Infomax 1CA sources that obtained the best
individual mean classification rate with LDC. The numbers are the source iden-
tification labels and, between parentheses the mean classification rates.

10 (49.4%) 68 (33.7%)

Fig. 5. Same as Fig. 4 for the sources that.obtained ﬂw best individual rates

with spatial PCA (left) and SOBI (right) decomposition methods.

sources of 83 auditory corresponding to the three sources se-
lected for the combined LDC classification (Table ). The main
activations on these scalp maps appear above the right temporal
area. None of the three scalp maps suggest extracranial activity.
We do not pursue here further analysis of spatial and functiorial
localization of the activations other than to say that activation
of the right temporal lobe does not seem to be inconsistent with
the presentation of auditory stimulus [30], Fig. 5 shows the scalp
maps of the best spatial PCA and SOBI sources of $3 auditory.
Although the scalp maps differ, they both show an activation
over the right temporal lobe,

VL. DISCUSSION AND CONCLUSION

Our main finding is that spatial decomposition methods com-

bined with linear classification methods can achieve high single-
" trial mean classification rates of MEG brain recordings. The rate
obtained for the best subject on the classification of nine audi-

tory words by itself suggests that classification of MEG single :
trials is realistic. Further, the rates obtained in the two-word
classification analysis are on a par with the best EEG clasmﬁ— :
cation results of recent BCI competitions.

Although the focus of this paper was not a formal rankmg of
the performances of the different methods presented, Infomax -
ICA decomposition associated with LDC led to higher rates than :
a classical spatial PCA decomposition or the SOBI decomposi-
tion method. The nonlinear classification method, -SVM, was
consistently outperformed by LDC. This is not as surprising as |
it may seem: Indeed, even when the features of the data relevant
to the classification task are not linearly separable in nature, the
high dimensionality of the problem requires a large data set to !
properly train the parameters of a nonlinear method. It may not
be the case in all applications and successful classification using
SVM has been reported [31]. Also neural network classifica-
tion methods have been employed to classify single-trial MEG
recordings of words [32] but the validated rates reported were
significantly lower. '

These improvements in mean classification rate were
obtained by spatially decomposing the data before classifi-
cation. A further step would be to seck a decomposition in

. the time-frequency domain. Downsampling acted as a gross

spectral decomposition where high frequencies were filtered -
out. More sophisticated time-frequency methods, like wavelet
decomposition, have been proposed to improve the quality
of EEG and MEG analysis [33]-[35]. Such methods, com-
bined with a spatial decomposition, might also be effectlve for ;
single-trial c1a331ﬁcat10n of MEG
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