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Abstract

In this paperwe presentesultsof a studyon braincomputelinterfacing.
We adoptedan approachof Farwell & Donchin[4], which we tried to
improvein severalaspectsThemainobjective wasto improvethetrans-
ferrateshasednof ine analysisof EEG-databut within amorerealistic
setupcloserto anonlinerealizationthanin the original studies.The ob-
jective wasachievedalongtwo differenttracks:ontheonehandwe used
state-of-the-annachinéearningtechniquedor signalclassi cationand
ontheotherhandwe augmentedhedataspaceby usingmoreelectrodes
for theinterface.Fortheclassi cationtaskwe utilized SVMsand,asmo-
tivatedby recent ndings on thelearningof discriminatve densitieswe
accumulatedhe valuesof the classi cationfunctionin orderto combine
severalclassi cations,which nally leadto signi cantly improvedrates
ascomparedwith techniquesappliedin the original work. In combina-
tion with the dataspaceaugmentationwe achieved competitve transfer
ratesatanaverageof 50.5bits/minandwith amaximumof 84.7bits/min

1 Intr oduction

Someneurologicaldiseasesesultin the so-calledlocked-in syndome Peoplesuffering
from thissyndromlostcontrolovertheirmusclesandthereforeareunableto communicate.
Consequentlytheir brain-signalshouldbe usedfor communication.Besideghe clinical
application,developingsucha brain-computeiinterface(BCl) is in itself anexciting goal
asindicatedby a growing researchnterestin this eld.

Several EEG-basedechniquehave beenproposedor realizationof BCls (see[6, 12], for
anoverview). Thereareat leastfour distinguishablébasicapproachessachwith its own
adwantagesindshortcomings:

1. In the rst approachparticipantsaretrainedto controltheir EEG frequeng pat-
tern for binary decisions. Whetherspeci c frequenciegthe and rhythms)
in the power rangeare heightenedr not resultsin upward or downward cursor
movements.A further versionextendedthis basicapproachfor 2D-movements.
Transferratesof 20-25bits/minwerereported12].

2. Imagination®f movementsresultingin the“Bereitschaftspotentialéver sensori-
motor cortex areasareusedto transmitinformationin the device of Pfurtscheller



Figurel: Stimulusmatrixwith onecolumnhighlighted.

etal. [8], whichis in useby a tetraplaic patient. Blankertz et al. [2] applied
sophisticatednethodgor data-analysiso this approactandreachedasttransfer
ratesof 23 bits/minwhenclassifyingbrainsignalsprecedingvertmuscleactiity.

3. Thethoughttranslatiordevice by Birbaumeretal. [5, 1] is basedn slow cortical
potentialsj.e. largeshiftsin theEEG-signal.They trainedpeoplein abiofeedback
scenarioto control this component.It is ratherslow (<6 bits/min) andrequires
intensively trainedparticipantsut is in practicaluse

4. Farwell & Donchin[4, 3, 10] developeda BCI-Systemby utilizing speci ¢ posi-
tive de ections(P300)in EEG-signalsaccompaying rareevents(asdiscussedn
detailbelow). It is moderatelyfast(upto 12 bits/min)andneedso practiceof the
participantbut requiresvisualattention.

For BCls, it is very desirableto have fasttransferrates.In our own studieswe therefore
triedto accelerat¢hefourthapproachby usingstate-of-the-amachindearningtechniques
andfusingdatafrom differentelectrodegor data-analysisi-or thatpurposewe utilized the
basicsetupof Farwell & Donchin (referredto as F&D) [4] who usedthe well-studied
P300-Componertb createa BCI-system.They presenteé 6 6-matrix(seeFig. 1), lled
with lettersanddigits, and highlightedall rows and columnssequentiallyin randomor-
der Peoplewereinstructedto focuson onesymbolin the matrix, and mentally countits
highlightings.FromEEG-researcit is known, thatcountingararespeci ¢ event(oddball-
stimulug in a seriesof badkgroundstimuli evokesa P300for the oddballstimulus.Hence,
highlighting the attendedsymbolin the 6 6-matrix shouldresultin a P300,a character
istic positive de ection with a lateng of around300msin the EEG-signal.lt is therefore
possibleto infer the selectedsymbolby detectinghe P300in EEG-signalslUndersuitable
circumstancesmost brainsexposea P300. Thus, no training of the participantsis nec-
essary For identi cation of theright columnandrow associatedvith a P300,Farwell &
Donchinusedthemodel-basetechnique#\reaandPeakpicking (bothdescribedn section
2) to detectthe P300.1n addition,asa data-drvenapproachthey usedStepwiseiscrimi-
nantAnalysis(SWDA). UsingSWDA in alaterstudy[3] resultedn transferratesbetween
4.8and7.8 symbolsperminuteat anaccurag of 80%with atemporaldistanceof 125ms
betweertwo highlightings.

In ourwork reportecherewe couldimprove severalaspect®f theF&D-approachby utiliz-
ing very recentmachindearningtechniquesanda largernumberof EEG-electrodeskirst
of all, we couldincreasahetransferrateby usingSupportvectorMachines(SVM) [11] for
classi cation. Inspiredby a recentapproactto learningof discriminative densitieq7] we
utilized thevaluesof the SVM classi cationfunctionasa measuref con dencewhichwe
accumulateover certainclassi cationsin orderto speedup the transferrate. In addition,
we enhancedlassi cationratesby augmentinghe data-spaceWhile Farwell & Donchin
employed only datafrom a single electrodefor classi cation, we usedthe datafrom 10
electrodesimultaneously



2 Methods

In thefollowing we describehetechniquesisedfor acquisition preprocessingndanalysis
of theEEG-data.

Data acquisition. All resultsof this paperstemfrom of ine analysef dataacquired
during EEG-eperiments. The experimentalsetupwas the following: participantswere
seatedn front of a computerscreenpresentinghe matrix (seeFig. 1) anduserinstruc-
tions. EEG-datawererecordedwith 10 Ag/AgCl electrodesat positionsof the extended
internationall0-20system(Fz, Cz, Pz,C3, C4, P3,P4,0z, OL, OR!) sampledat 200Hz
andlow-passltered at 30Hz. The participantshadto performa certainnumberof trials.
For the durationof atrial, they wereinstructed

to focustheir attentionon atargetsymbolspeci ed by the program,
to mentallycountthe highlightingsof thetargetsymbol,and
to avoid ary body movement(especiallyeye movesandblinks).

Eachtrial is subdvidedinto a certainnumberof subtrials.During eachsubtrial, 12 stimuli
are presentedij.e. the 6 rows andthe 6 columnsare highlightedin randomorder For
different BCl-setups,the time betweenstimulusonsets,the interstimulusinterval (ISI),
waseither150,300 or 500ms,while a highlighting alwayslasts150ms.To eachstimulus
correspondeanepod, atime frameof 600msafter stimulusonset?During this interval a
P300shouldbeevokedif the stimuluscontainghetargetsymbol.

Thereis no pausebetweersubtrials but betweertrials. During the pausethe participants
hadtime to focuson the next targetsymbol,beforethey initiatedthe next trial. Thetarget
symbolwaschoserrandomlyfrom the availablesetof symbolsandwaspresentedy the
programin orderto createa datasetof labelled EEG-signalsor the subsequenof ine
analysis.

Data preprocessing To compensatéor slow drifts of theDC potential,in a rst stepthe
lineartrendof theraw datain eachelectrodeoverthe durationof atrial waseliminated.In
asecondstep,the datawasnormalizedo zeromeanandunit standarddeviation. Thiswas
separatelylonefor eachelectrodetakingthe dataof all trials into account.

Classi cation of Epochs. Test-andtrainingsetswere createdby choosingthe dataac-
cordingto one symbol as testset,and the dataof the other symbolsas trainingsetin a
crosswalidationscheme.

Thetaskof classifyinga subtrialfor theidenti cation of a targetsymbolhasto be distin-
guishedfrom the classi cation of a singleepochfor detectionof a signal,correlatedwith
oddball-stimuli,which we brie y referto asa “P300 component’in a simpli ed manner
in thefollowing. In caseof usinga subtrialto selecta symbol,two P300componentiave
to be detectedwithin epochs:one correspondingo a row-, anotherto a column-stimulus.
The detectionalgorithmworks on the dataof an epochandhasto computea scoie which
re ectsthepresencef aP300within thatepoch.Therefore,12 epochsaveto beevaluated
for the selectionof onetargetsymbol.

For the P300-detectionye utilized two model-basedhethodsvhich hadbeenproposedy
F&D, andonecompletelydata-drvenmethodbasedn SupportVectorMachines(SVMs)
[11]. Fortrainingof theclassi ers,we built up asetsof epochsontaininganequalnumber
of positive andnegative examplesj.e. epochswith andwithouta P300component.

10OL denoteghepositionhalfway betweerO1 andT5, andOR betweerO2 and T6 respectiely.
2with anISI shorterthan450ms thereis atime overlapof consecutie epochs.
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Figure2: Trials, subtrialsandepochsn the courseof time (left). Model-basednethodgor
analysis.Areacalculatesurfacein the P300-windav, Peakpicking calculatedifferences
betweerpeaks.

The rst model-basednethodusesasits scoreasshavn in Fig. 2 the areain the P300-

window (“Areamethod”, ), while the secondmodel-basednethodusesthe difference
betweenthe lowest point before,and the highestpoint within the P300-windev (“Peak

pickingmethod”, ). Hyperparametersf the model-basednethodsveretheboundaries
of the P300-windav. They wereselectedegardingthe averageof epochscontainingthe

P300by takingthe boundarie®f thelargestarea.

For thecompletelydata-drvenapproachSVMswereoptimizedto distinguishbetweerthe
two classeqw/o P300)implied by the training set. As comparedwith mary traditional
classi ers,suchasthe SWDA methodusedby F&D, SVMs canrealizeBayes-consistent
classi ersundervery generalconditionswithout requiringary speci ¢ assumptionsibout
the underlyingdatadistributions and decisionboundaries. Therebycorvergenceto the
Bayesoptimumcanbeachievedby a suitablechoiceof hyperparameters.

Whenusing SVMs, it is not clearwhat measurgo take asthe scoreof an epoch. The
problemis thatthe SVM has rst of all beendesignedo assignbinary classlabelsto its
inputwithout ary measuref con denceontheresultingdecision.

However, arecentapproacho learningof discriminative densitied7] suggestsninterpre-
tationof theusualdiscriminationfunctionfor SVMswith positive kernelsin termsof scaled
densitydifferencesThis nding providesuswith awell-motivatedscoreof anepoch:with
asthedatavectorof anepochand asthecorrespondinglasslabelwhichis
positive/nayative for epochsawith/without targetstimulusthe SVM-scoreis computedas

@)

where in our caseis a GaussiarKernelfunctionwith bandwidth (selectedasthe
weight for thesoft-magin penaltiesby -fold crosswalidation)evaluatedatthe -th data
example. The mixing weights  were estimatedby quadraticoptimizationfor an SVM
objective with linear soft-magin penaltiesvherewe usedthe SMO-algorithm[9].

Combination of subtrials. Because€EEG-datgpossess very poor signal-to-noiseatio
(SNR), identi cation of the target symbol from a single subtrialis usually not reliable
enoughto achiere areasonablelassi cationrate. Therefore several subtrialshave to be
combinedfor classi cation, slowing down the transferrate. Thus,animportantgoalis to
decreas¢heamountof subtrialswhich have to becombinedor asatisactoryclassi cation
rate.



An importantconstraintfor the developmentof the speci ¢ of ine-analysisprogramsvas
to realizea testingschemewhich shouldbe ascloseaspossibleto a correspondingnline
evaluation. Therefore,we testeda methodfor certain -combinationsof subtrialsin the
following way: differentseriesof  successie subtrialsweretakenout of atestsetandthe
correspondingingleclassi cationswere combinedasexplainedbelon. Thereby the test
seriescontainednly subtrialsbelongingto identicalsymbolsandthesewerecombinedn
their original temporalorder.

In contrastFarwell & Donchinrandomlychosesamplegrom atestset,built from subtrials
taken from differenttrials andbelongingto differentsymbols. With this procedurethey
broke up the time courseof the recordeddataand did not distinguishbetweendifferent
symbols,.e. differentpositionsin the matrix onthe screen.

Basedonthedataof subtrials,onehasto choosearow anda columnin orderto identify
thetargetsymbol,i.e. to classifyatrial. Thereforejn a rst step thesinglescoreé

oftheepoch  correspondingp thestimulusassociatetb the -throw of the -thsubtrial
weresummedup to thetotal score . Then,thetargetrow waschosen

as with . Equivalentstepswereperformedto choosethe target
column. Basedon thesedecisionghetargetsymbolwas nally selectedn accordancéo
the presentednatrix.

3 Experimental Results

Beforegoinginto details,we outlineourinvestigationaboutimproving theusabilityof the
F&D-BCI. First, the differentmethodswerecomparedo classifythe dataof the Pz elec-
trode,which wasoriginally usedby Farwell & Donchin. Secondfurthersingleelectrodes
weretaken asinput source.This revealedinformationaboutinterestingscalppositionsto
recorda P300andon the otherhandindicatedwhich channelsnay containa usefulsignal.
Third, the SVM classi cationratewith respecto epochswvasimprovedby increasinghe
data-spaceTherefore the input vectorfor the classi er wasextendedby combiningdata
from the sameepochbut from differentelectrodesThesetestsindicatedthatthe bestclas-
si cation ratescouldbeachievedusingasdetectiormethodan SVM with all tenelectrodes
asinputsources.

Sincethe resultsof the rst threestepswere establishedasedon the dataof oneinitial
experimentwith only one participant,we evaluatedthe generalityof thesetechniquesy
testingdifferentsubjectsand BCl parameters Finally, the BCI performancen termsof
attainablecommunicatiorratesis estimatedrom theseanalyses.

Method comparison using the Pz electrode as input source. All four methodswere
appliedto the dataof oneinitial experimentwith anlSI of 500msand3 subtrialspertrial.
Figure3 presentsheclassi cationratesof up to 10 subtrials.

The SVM methodachiered best performance,its epochclassi cation rate was 76.3%
(SD=1.0)in a10-fold crosswalidationwith about380subtrialssamplesn thetrainingsets,
andabout40in thetestsets.Of eachsubtrialin thetrainingset,4 epochg2 with, 2 without
a P300)weretaken astraining sampleswhereasall 12 epochsof the subtrialsof the test
setwereclassi ed. For eachtraining set,hyperparametensereselectedy another3-fold
crosswalidationon this set.

3For ahighernumberof subtrialcombinationssubtrialsfrom differenttrials hadto be combined.
However, real-world-applicationof this BCI don't require suchcombinationswith respectto the
®nally achieredtransferratesreportedn section3.

4Themethodindex is omittedin thefollowing.



Figure3: (left) Methodcomparisoronthe Pzelectrode Thethreetechniquesvereapplied
to the dataof the initial experiment. (right) Classi cation ratesfor differentnumberof
electrodes.
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Figure4: Electrodecomparisoron the dataof theinitial experiment.

Differ ent electrodesas input source. The methodcomparisortestswere repeatedor
eachelectrode Theresultsof the PeakpickingandSVM methodareshawn in Figure3.

The SVM is ableto extract usefulinformationfrom all ten electrodeswhereaghe Peak
picking performancevariesfor differentscalppositions.Especiallytheelectrodesverthe
visualcortex areasDZ, ORandOL areuselesdor themodel-basetechniquesasthesame
characteristicarerevealedby testswith the Areamethod.

Higher-dimensionaldata-space. While Farwell & Donchinusedonly oneelectrodeor
data-analysisye extendedhedata-spacby usinglargernumbersof electrodesWe calcu-
latedclassi cationratesfor Pzalone,three,sesen,andtenelectrodesA signalcorrelated
with oddball-stimuliwas classi ed at ratesof 76.8%,76.8%,90.9%,and94.5%,respec-
tively for thedifferentdata-spacesf 120,360,840,and1200dimensionsTheseateswere
calculatedwith 850 positive and850 negative epochsamplesanda 3-fold crosswalidation.
This classi ed signalmight be more thansolely the traditionalP300component. Apply-
ing data-spacaugmentatiorfor classi cationto infer symbolsin the matrix resultsin the
classi cationratesdepictedin Figure 3 (right) for an1SI of 500ms. Usingten electrodes
simultaneouslycombinedn onedatavector, outperformdower-dimensionabata-spaces.



Figure5: Mean-classi catiorrates(left) andtransferrates(right) for differentlSls. Error
barsrangefrom bestto worstresults.Note thata subtrialtakesa speci c amountof time.
Thereforethetime dependendransferatesaredecreasingvith thenumberof subtrials.

Reducingthe ISI and using more participants. Theimprovedclassi cationratesen-
couragedurther experiments.To acceleratéhe systemwe reducedhe|SI to 300msand
150ms.Additionally, to generalizehe results we recruitedfour participants Means best
andworstclassi cationratesarepresentedn Figure5, aswell asaverageandbesttransfer
rates.Thelatterwerecalculatedaccordingto

where is the numberof choices(36 here), the probabilityfor classi cation,and the
time requiredfor classi cation.

Using an ISI of 300msresultsin slower transferratesthanusingan ISI of 150ms. The
latterISI resultson theaveragen classifyinga symbolafter5.4swith anaccurayg of 80%
(disregardingdelaysbetweertrials). Thepooresperformemeed®sto reachthis criterion,
thebestperformerachiezesanaccurag of 95.2%alreadyafter3.6s.Thetransferateswith
a maximumof 84.7 bits/min andan averageof 50.5 bits/min outperformthe EEG-based
BCl-systemswve know.

4 Conclusion

With an applicationof the data-drven SVM-methodto classi cation of single-channel
EEG-signalswe couldimprove transferratesascomparedwith model-basedechniques.
Furthermore by increasingthe numberof EEG-channelseven higher classi cation and
transferratescould be achieved. Accumulatingthe value of the classi cationfunctionas
measuref con denceprovedto be practicalto handleseriesof classi cationsin orderto
identify a symbol. Thisresultedn hightransferateswith a maximumof 84.7bits/min.
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