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SVM FEATURE SELECTION FOR MULTIDIMENSIONAL EEG DATA
Nisrine Jrad, Ronald Phlypo, Marco Congedo

Vision and Brain Signal Processing (VIBS), GIPSA-Lab, CNRS UMR®&, Grenoble Universities
961 rue de la Houille Blanche, 38402 GRENOBLE Cedex, France

ABSTRACT data in an adequate form. This part generally includes a fea-
. . o . . ture selection and/or a feature extraction, known as filgeri
In many machine leaming applications, like Brain - COm-gga4res might be of frequential, temporal and/or spasial n
puter Interfaces (BCI), only high-dimensional noisy dat a e Secondly, this data representations are fed to afodass
available rendering the discrimination task non-trividin 1.1 is often borrowed from the machine learning commu-
this work, we focus on feature selection, more precisely ofyiyy, without inquiring much into possible improvementsttha

optimal electrode selection and weighting, as an efficienty 4 pe done, thus resulting in classifiers that are noy full
tool to improve the BCI classification procedure. The pro'exploiting the characteristics of the data in hand.

posed framework closely integrates spatial feature setect Concernin I : : .

S s . . ! g spatial filtering techniques, signal-processi
anq weighting W|'th|n the classification task itself. Sphtia riteria like signal-to-noise ratio [1] and ratio of clasariv
weights are considered as hyper-parameters tq be IeamEd Hces [2], have frequently been employed. They rely on the
a Support Vector Machine (SVM). The resulting Sloatlallyphysical propagation model assuming that brain activdies

we|gr_1ted SVM (sw-SVM) |s_then.dgs!g.ned to maximize thein a quasi-linear and instantaneous relation to the redorde
margin between classes whilst minimizing the generabrati signals

error. Experimental studies on eight Error Related Paénti . : _
As for feature selection and noise cancellation, some al-

(ErrP) data sets, illustrate the efficiency of the sw-SVMiiro .
) . . . . ! gorithms have been proposed or adapted to the BCI scheme.
a physiological and a machine learning point of view. ) . .
For instance, genetic algorithms [3] have been succegsfull
Index Terms— Support Vector Machines, spatial filters, adapted for BCI spatial feature selection. Moreover, re@en
feature extraction, Brain Computer Interfaces. searches treat the problem of how to rate the relevance of fea
tures in terms of classification performance, using a zenmno
optimization [4] or a recursive feature elimination [5]. ko
recently, a sensor selection procedure, based on the SNR, ha
. . . . been proposed in [6].
The problem of learning a robust classifier from high dimen- A common characteristic of all these feature extraction

s_lonal noisy data arises in many ma_lchme learning appllcaénd selection methods is that they do not directly optimize
tions. In this study, we focus on Brain Computer Interfaces

(BCI). The majority of BCI applications make use of Elec- a d|scr|m|nat|on' functloq. [n fact, they constryct or selec
troencephalography (EEG) signals to categorize two or morgeatures acc_o_rdlr_lg to criteria that do not_ cons_lder the-over
all BCI classification performance. A relation might be fdun

classes of cerebral activity and associate them with Slmplfetween the objective functions yielding optimal spatial fi

1. INTRODUCTION

computer commands. The EEG is a relatively cheap recor ers and class separability. But this relation has, to tisé dfe

our knowledge, never been addressed explicitly before.

In this work, we focus on the optimal selection and
weighting of spatial features so as to improve the separa-
bility of the classes. The problem is treated within the SVM
classification task itself. By introducing the spatial feat
weights as hyper-parameters in a Support Vector Machine
E(SVM), they can be optimized for the specific classification
problem in hand. In our spatially weighted SVM (sw-SVM),
no assumption is made regarding the EEG data structure, i.e.
'the approach is completely data-driven. sw-SVM offers a
highly flexible approach, in that it can handle any kind of

This work has been supported through the project Openvigre  features, thus adapting to any kind of EEG-based BCI (P300,
ANR (National Research Agency), France. motor imagery, SSVEP, etc.). To show the evaluate the sw-

ing system, measuring the potential field at the scalp, whic
is an instantaneous reflection of the electrocerebral igctiv
It generally consists of recordings frognto 128 electrodes,
sampling the potential field at a sample ratd 28Hz to sev-
eral kHz. Unfortunately, an inherent default of this redogd
setup is its high sensitivity to noise. Classification of EEG
brain signals thus requires adequate processing tectmique
tackle the problems of feature reduction and noise cancell
tion.

In general, the classification is dealt with in two parts [1
2]. Firstly, data preprocessing admits the representafitme




SVM framework, experiments are conductedsssubjects in  learned by solving the sw-SVM optimization problem:
a controlled Error-related Potential (ErrP) scenario [The
proposed sw-SVM algorithm is compared to a classical SVM o1 2, o P
approach to ascertain its efficiency. wheD 2 lwl® +C> &
e =1
The remainder of this paper is organized as follows. The :

proposed sw-SVM framework is introduced in Section 2. TheSUbJECt 0 yp({w, Dap) +0) 21§ Vpe{l,.... P}

sw-SVM optimization problem and one variant of the possi- and § >0 Vpe{l,...,P}

ble solutions are presented. Section 3 accounts for BCI data s

sets description and discusses the so obtained experimenta and Z:Df,,s =1 Vse{l,...,S}, Q)
results. Finally, Section 4 holds our conclusions. s=1

where¢, are called slack variables that ensure the problem
has a solution in case the data is not linearly-separabtk, an
2 METHOD C is the regulariz'at.ion parameter that contro'ls the tradle-of
between a low training error and a large margin.
The objective function is not convex with respect to all
2.1. Problem description parameters jointly, but is in each of its parameters. Hemee,
proceed by alternating the search for a solution of (1). For
BCl applications with two classes of action provide a traini D fixed, the problem is reduced to/a soft margin SVM
set of labeled trials from which a decision function shouldwith the only difference being that, is replaced byDz,
be learned that correctly classifies unlabeled trials. lset uin the inequality constraint. The primal and dual objective
consider an EEG trial recorded overelectrodes in a short functions of such a problem are convex, and their solution ca
time period of7” samples as a matriX,, € R°*T. A pat-  be obtained by any of the available SVM algorithms. Here we
ternz, € R%*! will be obtained by unfolding the matrix opt for simpleSVM [8]. Let us denote hy(D) the optimal
Xp, as such identifyingR**7 with R**! whered = ST. value of this problem. By setting to zero the derivates of the
x, thus contains the commplete spatio-temporal recorded in-agrangian with respect to the primal variables, the efficie
formation of a single trial. Hence, the entire available sepptimization problem of the dual formulation yieldin D)
of data can be denotex1,v1), ..., (®p, ¥p), ..., (xp,yp)}  can be formulated as follows :

with ¢, € {—1, 1} the class labels.
o € 171, 1} the dlass la . maxe 17a - 1a”Y'XTD'DXY
Our task consists in finding the spatial features and an subiectto yTa = 0
iate weighting function that maximize the separati /(D) = ) ya-

appropria X o ) and 0<a,<C Vpe{l,...,P},

margin between classes. Thus, we aim at finding a matrix

D < R4 of electrode weights assigned to each of the trials

x, so that{ Dz, }}_; maximize the margin of the SVM. wherea is the vector of Lagrangian multiplier$; =
Diag(y1, -.., yp) is the matrix containing the trial labels on its
diagonal, X = {1, ....,zp} andy” = {y1,...,yp}.

The valueJ (D) is thus obtained for a givea by solving

2.2. sw-SVM: spatially weighted-SVM the following problem:

The central idea of classical SVM is to separate data by find- _ s ,
ing a vectorw € R?*! and an offset € R of a hyper- min J(D)  subject toy DI =1 2)
plane which provides us with the largest possible margin be- s=1

tween classes and minimizes the number of misclassified pat-

. o _ T . ._
terns. The proposed sw-SVM suggests to involve spatial fea- . BtY settlnng o ld)eﬁrD' pr?blgT @) ;_(;dt_:_chgs.to Ia mI|n|
ture weights in the primal SVM optimization problem and mization problem undef; constraints ovewy. This IS clearly

tunes these weights as hyper-parameters of SVM. an |nstange of thg Multiple Kernel Learning (MKL).probIem
e i ) proposed in [9] with a homogeneous degtgmlynomial ker-

For the appllcatlon of EEG electrode selection, twn_e feanel. Authors of [9] prove, with positive assumptions on the

tures belonging to a same EEG electrode, hereafter index@@ne| matrices, that the search for the optitfils convex,

by s, have to be dealt with in a congeneric way so that a spajie|ding fast convergence toward the optimal conditioral s

tial interpretation of the solution becomes possible. Tée I |ytion. Hence, the optimization problem can be solved effi-

sulting matrixD is thus diagonal wittt' different unknowns  ¢iently using a gradient descent algorithm as in SimpleMKL

repeated ir{" diagonal blocks of siz& x S, each containing 9]

the spatial filterd € R>*" on their diagonal. We initialize D as S~'I, wherel is the identity matrix.
According to the above assumptions, the maidixan be  We proceed by alternating the search for a solution of (1) for



D, given a fixedx and fora given previous estimation d?. | Subject] 5 top weighted electrodes || # of elec. |

The alternating optimization scheme is stopped wher/ihe S1 CP3 C3 P7 CP4 TPT7 10
norm of the changes db becomes negligible. S2 FE7 TP8 T4 P3 C3 9
S3 P8 CPz T3 FP2 FC3 10

3. EXPERIMENTAL RESULTS S4 Ol Cz TP8 FP2 FCz 11

S5 Ol FCz P7 FC3 Oz 6

3.1. ErrP data set S6 pP7 F3 FCz FC4 P4 9
The proposed method was evaluated on a visual feedback S7 Cz 1
ErP [7] experiment. Eight BCl-naif healthy subjects per-___ S8 F8 FPz Cz Ft7r F7 ’

formed the eXp'T:”.mem' They_had o retain the position OtI'able 1. For the8 subjects and a given partition: tletop
a sequence of digits displayed in square boxes on a computer .

. . weighted electrodes, and the number of selected electrodes
screen in front of them. Then, the sequence d'sappeared'a%cording t0 SW-SVM
target digit was shown and subjects were asked to click on the '
box where it previously appeared. If the answer was correct,
the chosen box background color turned into green, otherwis
it turned into red. The number of digits composing the se-
quences continuously adapted to subject performance with a
algorithm tuned to allow aroun20% errors for all subjects,
regardless the working memory ability and limits.

The experiment involve@ sessions that lasted together
approximately half an hour. Each session consisted of
blocks of6 trials, for a total of6 x 6 x 2 = 72 trials. Record-
ings of the EEG were made fromlil electrodes using the
extended10/20 international system. Raw EEG potentials
were first re-referenced to the common average. A window
of 1000ms posterior to the stimulus has been considered for
each trial since studies on feedback ErrP report two peaks
around250ms and300 — 500ms as main components of the
evoked potential. Then, & — 10Hz 4" order butterworth
filter was applied as error related potentials are known to be
a relatively slow cortical potential. Finally, EEG samples
were averaged ih6 continuous equally spaced windows. No
artifact rejection algorithm was applied and all trials wer
kept for analysis.

3.2. Results

A sw-SVM 5 Cross-Validation was performed with differ- Fi9- 1. Topographical maps of the weights averaged across
ent values for the regularization parametér A 5 Cross- thed partitions. Each map refers to a subject (S1 to S8).

validation experiments with classical SVM (without sphtia

feature selection) was carried out as a comparative baselin | Subject] SV [|_sw-SVM__| p-value|
Table 1 reports thg top weighted electrodes for tBesub- 2; 6782;587%134;1:1 ;?fjiclli 17?1 8;;;3
jects and the number of spatial features selected fafrthe : : i i :
5 partitions. Figure 1 shows the electrode weights averaged S3 8.5/ 10.59|| 74.29-6.39 | 0.0042
across they partitions as topographic maps (associated with S4 87.14t 12.78 | 90.00+ 10.83 || 0.1778
that value ofC allowing the highest classification rate). Table S5 60.00:6.39 || 78.57 13.36 || 0.0486
1 and Figure 1 show that, according to sw-SVM, spatial S6 85.71+ 8.75 91.43+7.82 || 0.0161
features at most suffice to capture error-related potsnitial S7 || 68.5A27.01 ) 81.43-8.14 || 0.2859
this data set. This confirms results in [10], where it was tbun S8 || 64.29£11.29| 74.29£9.58 || 0.3111
that a substantial reduction of sensors performs well isynoi | Mean || 70.71:11.85[ 80.72:9.75 | \

data and when the training set is small. Electrode seleion

also known to be strongly subject-dependent. Howeves, in Table 2. Performances of classical SVM and sw-SVM for the
out of 8, the subjects’ central area holds the strongest weighf subjects. t-test p-values of sw-SVM and baseline SVM are

This is in accordance with current knowledge on ErrP.

also reported.



Table 2 reports the single trial recognition rates (mean and 5. REFERENCES
standard deviations) for th#& subjects. Classification accu-
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Combining the8 individual p-values with the combination
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respectively In conclusion, as compared to a standard SVM, ~ nel methods,” Journal of Machine Learning Research,
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tion Il : Dataset Il - Ensemble of SVMs for BCI P300
4. CONCLUSION speller,” IEEE Trans. Biomedical Engineering, vol. 55,

. _ . o no. 3, pp. 1147-1154, 2008.
In this paper, EEG spatial feature selection and weightiag w

considered from a machine learning point of view. Feature[6] H. Cecotti, B. Rivet, M. Congedo, C. Jutten,
weights are introduced in the SVM theoretical framework and ~ O. Bertrand, J. Mattout, and E. Maby, “Suboptimal
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the margin between classes and minimize generalization er-  terface,” inProc. of European signal Processing Conf.

ror. The proposed method guarantees an automatic and reli- (EUSIPCO), 2010, pp. 924-928.

able selection and appropriate weighting of spatial festur .

Though sw-SVM was designed as a spatial feature selectom Vé\l/-'rli\)t ; I\I/“![mc(iagr |Cr:1H " Bnrgtuln,f Iva(\j/inMi.r?.I-'r'r Ct?lesé

for BCI applications, there is no reason to restrict it fasth ent-related brain potentials folowing incorrectteed
back in a time-estimation task: Evidence for a generic

particular application. . 7
. . . neural system for error detectionJournal of Cognitive
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illustrate the efficiency of the method. The algorithm per-
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bust data classification that could perform well even with a

small number of training observations. These results moti-[9] A. Rakotomamonjy, F. Bach, S. Canu, and Y. Grand-
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