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Abstract

In thispaperwepresentresultsof a studyonbraincomputerinterfacing.
We adoptedan approachof Farwell & Donchin[4], which we tried to
improvein severalaspects.Themainobjectivewasto improvethetrans-
fer ratesbasedonof�ine analysisof EEG-databut within amorerealistic
setupcloserto anonlinerealizationthanin theoriginal studies.Theob-
jectivewasachievedalongtwo differenttracks:on theonehandweused
state-of-the-artmachinelearningtechniquesfor signalclassi�cationand
ontheotherhandweaugmentedthedataspaceby usingmoreelectrodes
for theinterface.For theclassi�cationtaskweutilizedSVMsand,asmo-
tivatedby recent�ndings on thelearningof discriminativedensities,we
accumulatedthevaluesof theclassi�cationfunctionin orderto combine
severalclassi�cations,which �nally leadto signi�cantly improvedrates
ascomparedwith techniquesappliedin theoriginal work. In combina-
tion with thedataspaceaugmentation,we achievedcompetitive transfer
ratesatanaverageof 50.5bits/minandwith amaximumof 84.7bits/min.

1 Intr oduction

Someneurologicaldiseasesresult in the so-calledlocked-in syndrome. Peoplesuffering
from thissyndromlostcontrolovertheirmuscles,andthereforeareunableto communicate.
Consequently, their brain-signalsshouldbeusedfor communication.Besidestheclinical
application,developingsucha brain-computerinterface(BCI) is in itself anexciting goal
asindicatedby agrowing researchinterestin this �eld.

SeveralEEG-basedtechniqueshavebeenproposedfor realizationof BCIs (see[6, 12], for
anoverview). Thereareat leastfour distinguishablebasicapproaches,eachwith its own
advantagesandshortcomings:

1. In the �rst approach,participantsaretrainedto control their EEGfrequency pat-
tern for binary decisions. Whetherspeci�c frequencies(the � and � rhythms)
in the power rangeareheightenedor not resultsin upward or downward cursor
movements.A further versionextendedthis basicapproachfor 2D-movements.
Transferratesof 20-25bits/minwerereported[12].

2. Imaginationsof movements,resultingin the“Bereitschaftspotential”oversensori-
motorcortex areas,areusedto transmitinformationin thedeviceof Pfurtscheller



Figure1: Stimulusmatrixwith onecolumnhighlighted.

et al. [8], which is in useby a tetraplegic patient. Blankertz et al. [2] applied
sophisticatedmethodsfor data-analysisto this approachandreachedfasttransfer
ratesof 23bits/minwhenclassifyingbrainsignalsprecedingovertmuscleactivity.

3. Thethoughttranslationdeviceby Birbaumeretal. [5, 1] is basedonslow cortical
potentials,i.e. largeshiftsin theEEG-signal.They trainedpeoplein abiofeedback
scenarioto control this component.It is ratherslow (<6 bits/min) andrequires
intensively trainedparticipantsbut is in practicaluse.

4. Farwell & Donchin[4, 3, 10] developeda BCI-Systemby utilizing speci�c posi-
tivede�ections(P300)in EEG-signalsaccompanying rareevents(asdiscussedin
detailbelow). It is moderatelyfast(upto 12bits/min)andneedsnopracticeof the
participant,but requiresvisualattention.

For BCIs, it is very desirableto have fasttransferrates.In our own studies,we therefore
triedto acceleratethefourthapproachby usingstate-of-the-artmachinelearningtechniques
andfusingdatafrom differentelectrodesfor data-analysis.For thatpurposeweutilizedthe
basicsetupof Farwell & Donchin (referredto as F&D) [4] who usedthe well-studied
P300-Componentto createaBCI-system.They presenteda6 � 6-matrix(seeFig. 1), �lled
with lettersanddigits, andhighlightedall rows andcolumnssequentiallyin randomor-
der. Peoplewereinstructedto focuson onesymbolin thematrix, andmentallycountits
highlightings.FromEEG-researchit is known, thatcountingararespeci�c event(oddball-
stimulus) in a seriesof backgroundstimuli evokesa P300for theoddballstimulus.Hence,
highlighting the attendedsymbolin the 6 � 6-matrixshouldresult in a P300,a character-
istic positive de�ection with a latency of around300msin theEEG-signal.It is therefore
possibleto infer theselectedsymbolby detectingtheP300in EEG-signals.Undersuitable
circumstances,mostbrainsexposea P300. Thus,no training of the participantsis nec-
essary. For identi�cation of the right columnandrow associatedwith a P300,Farwell &
Donchinusedthemodel-basedtechniquesAreaandPeakpicking(bothdescribedin section
2) to detecttheP300.In addition,asa data-drivenapproach,they usedStepwiseDiscrimi-
nantAnalysis(SWDA). UsingSWDA in a laterstudy[3] resultedin transferratesbetween
4.8and7.8symbolsperminuteat anaccuracy of 80%with a temporaldistanceof 125ms
betweentwo highlightings.

In ourwork reportedherewecouldimproveseveralaspectsof theF&D-approachby utiliz-
ing very recentmachinelearningtechniquesanda largernumberof EEG-electrodes.First
of all, wecouldincreasethetransferrateby usingSupportVectorMachines(SVM) [11] for
classi�cation. Inspiredby a recentapproachto learningof discriminative densities[7] we
utilizedthevaluesof theSVM classi�cationfunctionasameasureof con�dencewhichwe
accumulateover certainclassi�cationsin orderto speedup the transferrate. In addition,
we enhancedclassi�cationratesby augmentingthedata-space.While Farwell & Donchin
employed only datafrom a singleelectrodefor classi�cation, we usedthe datafrom 10
electrodessimultaneously.



2 Methods

In thefollowingwedescribethetechniquesusedfor acquisition,preprocessingandanalysis
of theEEG-data.

Data acquisition. All resultsof this paperstemfrom of�ine analysesof dataacquired
during EEG-experiments. The experimentalsetupwas the following: participantswere
seatedin front of a computerscreenpresentingthe matrix (seeFig. 1) anduserinstruc-
tions. EEG-datawererecordedwith 10 Ag/AgCl electrodesat positionsof the extended
international10-20system(Fz, Cz, Pz,C3, C4, P3,P4,Oz, OL, OR1) sampledat 200Hz
andlow-pass�ltered at 30Hz. Theparticipantshadto performa certainnumberof trials.
For thedurationof a trial, they wereinstructed

� to focustheir attentionona targetsymbolspeci�edby theprogram,
� to mentallycountthehighlightingsof thetargetsymbol,and
� to avoid any bodymovement(especiallyeyemovesandblinks).

Eachtrial is subdividedinto a certainnumberof subtrials.Duringeachsubtrial,12stimuli
are presented,i.e. the 6 rows and the 6 columnsare highlightedin randomorder. For
differentBCI-setups,the time betweenstimulusonsets,the interstimulusinterval (ISI),
waseither150,300or 500ms,while a highlightingalwayslasts150ms.To eachstimulus
correspondesanepoch, a time frameof 600msafterstimulusonset2During this interval a
P300shouldbeevokedif thestimuluscontainsthetargetsymbol.

Thereis no pausebetweensubtrials,but betweentrials. During thepause,theparticipants
hadtime to focuson thenext targetsymbol,beforethey initiatedthenext trial. Thetarget
symbolwaschosenrandomlyfrom theavailablesetof symbolsandwaspresentedby the
programin order to createa datasetof labelledEEG-signalsfor the subsequentof�ine
analysis.

Data preprocessing. To compensatefor slow drifts of theDC potential,in a �rst stepthe
lineartrendof theraw datain eachelectrodeover thedurationof a trial waseliminated.In
a secondstep,thedatawasnormalizedto zeromeanandunit standarddeviation. This was
separatelydonefor eachelectrodetakingthedataof all trials into account.

Classi�cation of Epochs. Test-andtrainingsetswerecreatedby choosingthe dataac-
cording to one symbol as testset,and the dataof the other symbolsas trainingsetin a
crossvalidationscheme.

Thetaskof classifyinga subtrialfor the identi�cation of a targetsymbolhasto bedistin-
guishedfrom theclassi�cationof a singleepochfor detectionof a signal,correlatedwith
oddball-stimuli,which we brie�y refer to asa “P300component”in a simpli�ed manner
in thefollowing. In caseof usinga subtrialto selecta symbol,two P300componentshave
to bedetectedwithin epochs:onecorrespondingto a row-, anotherto a column-stimulus.
Thedetectionalgorithmworkson thedataof anepochandhasto computea score which
re�ects thepresenceof aP300within thatepoch.Therefore,12epochshaveto beevaluated
for theselectionof onetargetsymbol.

For theP300-detection,weutilizedtwo model-basedmethodswhichhadbeenproposedby
F&D, andonecompletelydata-drivenmethodbasedonSupportVectorMachines(SVMs)
[11]. For trainingof theclassi�ers,webuilt upasetsof epochscontaininganequalnumber
of positiveandnegativeexamples,i.e. epochswith andwithout aP300component.

1OL denotesthepositionhalfway betweenO1andT5, andORbetweenO2andT6 respectively.
2With anISI shorterthan450ms,thereis a time overlapof consecutive epochs.
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Figure2: Trials,subtrialsandepochsin thecourseof time(left). Model-basedmethodsfor
analysis.Areacalculatessurfacein theP300-window, Peakpicking calculatesdifferences
betweenpeaks.

The �rst model-basedmethodusesasits scoreasshown in Fig. 2 the areain the P300-
window (“Areamethod”,

���

), while thesecondmodel-basedmethodusesthe difference
betweenthe lowestpoint before,and the highestpoint within the P300-window (“Peak
pickingmethod”,

���

). Hyperparametersof themodel-basedmethodsweretheboundaries
of the P300-window. They wereselectedregardingtheaverageof epochscontainingthe
P300by takingtheboundariesof thelargestarea.

For thecompletelydata-drivenapproach,SVMswereoptimizedto distinguishbetweenthe
two classes(w/o P300)implied by the training set. As comparedwith many traditional
classi�ers,suchastheSWDA methodusedby F&D, SVMs canrealizeBayes-consistent
classi�ersunderverygeneralconditionswithout requiringany speci�c assumptionsabout
the underlyingdatadistributions and decisionboundaries.Therebyconvergenceto the
Bayesoptimumcanbeachievedby asuitablechoiceof hyperparameters.

WhenusingSVMs, it is not clearwhat measureto take as the scoreof an epoch. The
problemis that theSVM has�rst of all beendesignedto assignbinary classlabelsto its
inputwithout any measureof con�denceon theresultingdecision.

However, arecentapproachto learningof discriminativedensities[7] suggestsaninterpre-
tationof theusualdiscriminationfunctionfor SVMswith positivekernelsin termsof scaled
densitydifferences.This �nding providesuswith awell-motivatedscoreof anepoch:with

� asthedatavectorof anepochand ���	��

������� asthecorrespondingclasslabelwhich is
positive/negativefor epochswith/without targetstimulustheSVM-scoreis computedas
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weight / for thesoft-margin penaltiesby 0 -fold crossvalidation)evaluatedat the 1 -th data
example. The mixing weights
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wereestimatedby quadraticoptimizationfor an SVM
objectivewith linearsoft-margin penaltieswherewe usedtheSMO-algorithm[9].

Combination of subtrials. BecauseEEG-datapossessa very poorsignal-to-noiseratio
(SNR), identi�cation of the target symbol from a single subtrial is usually not reliable
enoughto achieve a reasonableclassi�cationrate. Therefore,severalsubtrialshave to be
combinedfor classi�cation,slowing down the transferrate. Thus,an importantgoal is to
decreasetheamountof subtrialswhichhaveto becombinedfor asatisfactoryclassi�cation
rate.



An importantconstraintfor thedevelopmentof thespeci�c of�ine-analysisprogramswas
to realizea testingschemewhich shouldbeascloseaspossibleto a correspondingonline
evaluation. Therefore,we testeda methodfor certain � -combinationsof subtrialsin the
following way: differentseriesof � successivesubtrialsweretakenoutof a testsetandthe
correspondingsingleclassi�cationswerecombinedasexplainedbelow. Thereby, the test
seriescontainedonly subtrialsbelongingto identicalsymbolsandthesewerecombinedin
their original temporalorder3.

In contrast,Farwell& Donchinrandomlychosesamplesfrom atestset,built from subtrials
taken from differenttrials andbelongingto differentsymbols. With this procedure,they
broke up the time courseof the recordeddataanddid not distinguishbetweendifferent
symbols,i.e. differentpositionsin thematrix on thescreen.

Basedon thedataof � subtrials,onehasto choosea row anda columnin orderto identify
thetargetsymbol,i.e. to classifyatrial. Therefore,in a�rst step,thesinglescores4
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����������� � . Equivalentstepswereperformedto choosethetarget
column. Basedon thesedecisionsthetargetsymbolwas�nally selectedin accordanceto
thepresentedmatrix.

3 Experimental Results

Beforegoinginto details,weoutlineourinvestigationsaboutimproving theusabilityof the
F&D-BCI. First, thedifferentmethodswerecomparedto classifythedataof thePzelec-
trode,which wasoriginally usedby Farwell & Donchin.Second,furthersingleelectrodes
weretakenasinput source.This revealedinformationaboutinterestingscalppositionsto
recordaP300andon theotherhandindicatedwhichchannelsmaycontainausefulsignal.
Third, theSVM classi�cationratewith respectto epochswasimprovedby increasingthe
data-space.Therefore,the input vectorfor theclassi�er wasextendedby combiningdata
from thesameepochbut from differentelectrodes.Thesetestsindicatedthatthebestclas-
si�cation ratescouldbeachievedusingasdetectionmethodanSVM with all tenelectrodes
asinputsources.

Sincethe resultsof the �rst threestepswereestablishedbasedon the dataof oneinitial
experimentwith only oneparticipant,we evaluatedthe generalityof thesetechniquesby
testingdifferentsubjectsandBCI parameters.Finally, the BCI performancein termsof
attainablecommunicationratesis estimatedfrom theseanalyses.

Method comparison using the Pz electrode as input source. All four methodswere
appliedto thedataof oneinitial experimentwith anISI of 500msand3 subtrialsper trial.
Figure3 presentstheclassi�cationratesof up to 10subtrials.

The SVM methodachieved best performance,its epochclassi�cation rate was 76.3%
(SD=1.0)in a10-foldcrossvalidationwith about380subtrialssamplesin thetrainingsets,
andabout40in thetestsets.Of eachsubtrialin thetrainingset,4 epochs(2 with, 2 without
a P300)weretakenastrainingsamples,whereasall 12 epochsof thesubtrialsof the test
setwereclassi�ed. For eachtrainingset,hyperparameterswereselectedby another3-fold
crossvalidationon this set.

3For ahighernumberof subtrialcombinations,subtrialsfrom differenttrialshadto becombined.
However, real-world-applicationof this BCI don't requiresuchcombinationswith respectto the
®nally achievedtransferratesreportedin section3.

4Themethodindex is omittedin thefollowing.



Figure3: (left) MethodcomparisononthePzelectrode:Thethreetechniqueswereapplied
to the dataof the initial experiment. (right) Classi�cation ratesfor differentnumberof
electrodes.
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Figure4: Electrodecomparisonon thedataof theinitial experiment.

Differ ent electrodesas input source. The methodcomparisontestswererepeatedfor
eachelectrode.Theresultsof thePeakpickingandSVM methodareshown in Figure3.

The SVM is ableto extract useful informationfrom all ten electrodes,whereasthe Peak
pickingperformancevariesfor differentscalppositions.Especially, theelectrodesover the
visualcortex areasOZ,ORandOL areuselessfor themodel-basedtechniques,asthesame
characteristicsarerevealedby testswith theAreamethod.

Higher-dimensionaldata-space. While Farwell & Donchinusedonly oneelectrodefor
data-analysis,weextendedthedata-spaceby usinglargernumbersof electrodes.Wecalcu-
latedclassi�cationratesfor Pzalone,three,seven,andtenelectrodes.A signalcorrelated
with oddball-stimuliwasclassi�ed at ratesof 76.8%,76.8%,90.9%,and94.5%,respec-
tively for thedifferentdata-spacesof 120,360,840,and1200dimensions.Theserateswere
calculatedwith 850positiveand850negativeepochsamplesanda 3-fold crossvalidation.
This classi�ed signalmight be morethansolely the traditionalP300component.Apply-
ing data-spaceaugmentationfor classi�cationto infer symbolsin thematrix resultsin the
classi�cationratesdepictedin Figure3 (right) for an ISI of 500ms.Using tenelectrodes
simultaneously, combinedin onedatavector, outperformslower-dimensionaldata-spaces.



Figure5: Mean-classi�cationrates(left) andtransferrates(right) for differentISIs. Error
barsrangefrom bestto worst results.Notethata subtrialtakesa speci�c amountof time.
Therefore,thetimedependendtransferratesaredecreasingwith thenumberof subtrials.

Reducing the ISI and using more participants. The improvedclassi�cationratesen-
couragedfurtherexperiments.To acceleratethesystem,we reducedtheISI to 300msand
150ms.Additionally, to generalizetheresults,we recruitedfour participants.Means,best
andworstclassi�cationratesarepresentedin Figure5, aswell asaverageandbesttransfer
rates.Thelatterwerecalculatedaccordingto
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where � is thenumberof choices(36 here),� theprobability for classi�cation,and
�

the
timerequiredfor classi�cation.

Using an ISI of 300msresultsin slower transferratesthanusingan ISI of 150ms. The
latterISI resultson theaveragein classifyinga symbolafter5.4swith anaccuracy of 80%
(disregardingdelaysbetweentrials). Thepoorestperformerneeds9sto reachthiscriterion,
thebestperformerachievesanaccuracy of 95.2%alreadyafter3.6s.Thetransferrates,with
a maximumof 84.7bits/min andan averageof 50.5bits/min outperformthe EEG-based
BCI-systemsweknow.

4 Conclusion

With an applicationof the data-driven SVM-methodto classi�cation of single-channel
EEG-signals,we could improve transferratesascomparedwith model-basedtechniques.
Furthermore,by increasingthe numberof EEG-channels,even higherclassi�cation and
transferratescouldbe achieved. Accumulatingthevalueof theclassi�cationfunctionas
measureof con�denceprovedto bepracticalto handleseriesof classi�cationsin orderto
identify a symbol.This resultedin high transferrateswith a maximumof 84.7bits/min.
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