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Abstract

During thelasttenyearstherehasbeengrowing interestin the develop-

mentof Brain Computerinterfaces(BCIs). The eld hasmainly been
driven by the needsof completelyparalyzedpatientsto communicate.
With afew exceptionsmosthumanBCls arebasedn extracranialelec-

troencephalograph(EEG).However, reportechit ratesarestill low. One

reasorfor this is the low signal-to-noiseatio of the EEG [16]. We are

currentlyinvestigatingif BClsbasednelectrocorticograph(ECoG)are

aviable alternatve. In this paperwe presenthe methodandexamples
of intracranialEEG recordingsof threeepilepsypatientswith electrode
grids placedon the motor cortex. The patientswere asled to repeat-
edlyimaginemovementsof two kinds, e.g.,tongueor nger mavements.
We analyzethe classi ability of the datausingSupportvectorMachines
(SVMs)[18,21] andRecursie ChanneElimination(RCE)[11].

1 Intr oduction

Completelyparalyzedpatientscannotcommunicataelespitentactcognitive functions.The
diseaseAmyotrophicLateral SclerosigALS) for example,leadsto completeparalysisof

thevoluntarymusculasystencausedy thedegeneratiorof themotorneuronsBirbaumer
etal. [1, 9] developeda Brain Computerinterface(BCI), calledthe ThoughtTranslation
Device (TTD), which is usedby several paralyzedpatients.In orderto usethe interface,
patientshaveto learnto voluntaryregulatetheir Slow CorticalPotential{ SCP).Thesystem
thenallowsits usergo write text onthescreerof acomputeior to surftheweh Althoughit

presents majorbreakthroughthe systemhastwo disadwantagesNot all patientsmanage



Figurel: Theleft pictureschematicallyshavs the positionof the 8x8 electrodegrid of pa-
tientll. It wasplacedontheright hemisphereAs shavn in theright picturetheelectrodes
areconnectedo theampli er via cableghatarepassedhroughthe skull.

to control their SCP Furthermorethe bit rateis quite low. A well-traineduserrequires
about30 seconddo write onecharacter

Recentlytherehasbeenincreasingintereston EEG-basedCls in the machinelearning
community In contrasto the TTD, in mary BCIl-systemghe computerdearnsratherthan
the system$ user[2,5,11]. Most suchBCls requirea datacollectionphaseduring which
the subjectrepeatedlyproducesdrain statesof clearly separabldocations.Machinelearn-
ing techniquedik e SupportVectorMachinesor FisherDiscriminantareappliedto thedata
to derive aclassifyingfunction. This functioncanbeusedin onlineapplicationdo identify
thedifferentbrainstategproducedoy the subject.

The majority of BCls is basedon extracranial EEG-recordingsduring imagined limb
movements. We restrictoursel\esto mentioningjust a few publications[14,15,17,22].
Movement-relatedorticalpotentialdn humanonthebasisof electrocorticographicalata
have alsobeenstudied,e.g.by [20]. Veryrecentlythe rst work describingBCls basedn
electrocorticographicecordingswas published[6, 13]. Successfuapproachestave been
developedusingBCls basedon singleunit, multiunit or eld potentialsrecordingsof pri-
mates.Serruyaetal. taughtmonkeysto controlacursoronthebasisof potentialfrom 7-30
motor cortex neurong19]. The BCI developedby [3] enablesnonkeys to reachandgrasp
usingarobotarm. Their systemis basedn recordingsrom frontoparietakell ensembles.

Driven by the succes®f BCls for primatesbasedon single unit or multiunit recordings,
we arecurrentlydevelopinga BCI-systemthatis basedon ECoGrecordingsasdescribed
in the presenpaper

2 Electrocorticography and Epilepsy

All patientspresenteduffer from a focal epilepsy The epilepticfocus- the part of the
brainwhichis responsibldor the seizures is removed by resection.Prior to sugery, the
epilepticfocushasto belocalized.In somecomplicateccasesthis mustbedoneby placing
electrodeonto the surfaceof the cortex aswell asinto deeperegionsof the brain. The
skull overtheregion of interestis removed,theelectrodesrepositionedandtheincisionis

sutured.Theelectrodesreconnectedo arecordingdevice via cablegcf. Figurel). Over
aperiodof a5 to 14 daysECoGis continuouslyrecordeduntil the patienthashadenough
seizurego preciselylocalizethefocus[10]. Priorto sugerythe partsof thecortex thatare
coveredby theelectrodesreidenti ed by the electricstimulationof electrodes.

In the currentsetup,the patientskeepthe electrodeimplantsfor oneto two weeks. After
theimplantationsugery, severaldaysof recosery andfollow-up examinationsareneeded.
Dueto thetight time constraintsit is thereforenot possibleto run long experiments.Fur-
thermoremostof the patientscannotconcentratéor along periodof time. Thereforeonly
asmallamountof datacouldbecollected.



Table 1: Positionsof implantedelectrodes.All threepatientshad an electrodegrid im-
plantedthatpartly coveredtheright or theleft motor cortex.

patient implanted electrodes task trials

I 64-gridright hemisphere, left vs. right hand 200
two 4-stripinterhemisphere
1] 64-gridright hemisphere little left nger vs.tongue 150
i 20-gridcentral, little right nger vs.tongue 100
four 16-stripsfrontal

3 Experimental Situation and Data Acquisition

The experimentswere performedin the departmenbf epileptologyof the University of
Bonn. We recordedECoG datafrom three epileptic patientswith a samplingrate of
1000Hz.

The electrodegrids were placedon the cortex underthe duramaterand coveredthe pri-
mary motor and premotorareaaswell asthe fronto-temporaregion eitherof theright or
left hemisphereThe grid-sizesrangedfrom 20 to 64 electrodes Furthermorgwo of the
patientshadadditionalelectrodesmplantedon otherpartsof the cortex (cf. Tablel). The
imagerytaskswerechosersuchthattheinvolved partsof the brain

werecoveredby theelectrodegrid
wererepresentedpatiallyseparatén the primary motorcortex.

The expectedwell-localizedsignalin motorrelatedtaskssuggestedliscriminationtasks
usingimaginationof hand little nger, or tonguemovements.

The patientswereseatedn a bedfacinga monitorandwereasled to repeatedlyimagine
two differentmaovements. At the beginning of eachtrial, a small xation crosswasdis-
playedin the centerof the screen.The 4 secondmaginationphasestartedwith a cuethat
waspresentedn theform of a pictureshaving eitheratongueor alittle nger for patients
Il andlll. Thecuefor patientl wasanarrav pointingleft or right. Therewasa shortbreak
betweerthetrials. Theimageswhich wereusedasa cueareshavn in Figure5.

4 Preprocessing

Startinghalf a secondafter the visualizationof the task-cuewe extracteda window of
length1.5 secondd$rom the dataof eachelectrode.For every trial andevery electrodewe
thusobtainedanEEGsequencéhatconsistedf 1500samplesThelineartrendfrom every
sequencavasremoved. Following [8,11,15] we tted aforward-backvard autorgressie
modelof orderthreeto eachsequenceTheconcatenatethodelparametersf thechannels
togethemwith the descriptorof theimaginedtask(i.e. +1, -1) form onetraining point. For
a given numbern of EEG channelsa training point (x; y) is therefora point in R3"

f 1;1g.

5 Channel Selection

Thenumberof availabletrainingpointsis relatively smallcomparedo thedimensionality
of the data. The dataof patientlll for example,consistsof only 100 training points of



Figure2: The patientswereaslkedto repeatedlymaginetwo differentmovementghatare
representedeparatehat the primary cortex, e.g.tongueandlittle nger movements.This
gure shaws two stimuli thatwereusedasa cuefor imagery Thetrial structureis shavn
on theright. The imaginationphaselastedfour seconds.We extractedsegmentsof 1.5
secondd$rom the ECoGrecordingdor theanalysis.

dimension252. This is a typical settingin which featuresselectionmethodscanimprove
classi cationaccurag.

Lal etal. [11] recentlyintroduceda featureselectionmethodfor the specialcaseof EEG
data. Their methodis basedon Recursie FeatureElimination (RFE) [7]. RFEis a back-
ward featureselectionmethod. Startingwith the full dataset,featuresareiteratively re-
moved from the datauntil a stoppingcriteriais met. In eachiterationa SupportVector
Machine(SVM) is trainedandits weightvectoris analyzed.Thefeaturethatcorresponds
to thesmallestweightvectorentryis removed.

Recursie ChanneElimination(RCE)[11] treatsfeatureghatbelongto thedataof achan-
nelin aconsistentvay. As in RFE,in every iterationoneSVM is trained. The evaluation
criteriathatdeterminesvhich of theremainingchannelsvill beremaovedis themeanof the
weightvectorentriesthat correspondo a channek features.All featuresof the channel
with the smallestmeanvalue are removed from the data. The outputof RCE is a list of
rankedchannels.

6 DataAnalysis

To bagin with, we areinterestedn how well SVMs canlearnfrom smallECoGdatasets.
Furthermorewe would like to understancow localizedthe classi cation-releant infor-
mationis, i.e. how mary recordingpositionsare necessaryo obtain high classi cation
accurayg. We comparehow well SVMs cangeneralizegiventhe dataof differentsubsets
of ECoG-channels:

(i) thecompletedata,i.e. all channels

(i) thesubsebf channelsuggestedby RCE.In this settingwe usethelist of ranked
channelfrom RCEin thefollowing way: For every | in the rangeof oneto the
total numberof channelsye calculatea 10-fold cross-alidationerroronthedata
of thel best-rankd channels.We usethe subsetf channelswvhich leadsto the
lowesterrorestimate.

(i) the two best-rankd channelsby RCE. The underlyingassumptiorusedhereis
thattheclassi cation-rel@antinformationis extremelylocalizedandthattwo cor-
rectly choserchannelsontainsufcient informationfor classi cationpurposes.

(iv) two channelgdravn atrandom.

Throughouthe paperwe uselinear SVMs. For regularizationpurposesve usearidge on
thekernelmatrix which correspondso a 2-normpenaltyon the slackvariableq4].
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Figure3: This plot shavs ECoGrecordingsrom 4 channelswvhile the patientwasimag-
ining movements.The distanceof two horizontallinesdecoded 00V . Theamplitudeof
therecordingsangesroughlyfrom -100 V to +100 V whichis ontheorderof veto
tentimestheamplitudemeasuredvith extracranialEEG.

To evaluatethe classi cation performanceof an SVM thatis trainedon a speci ¢ subset
of channelsve calculateits predictionerror on a separateestset. We usea double-cross-
validationscheme thefollowing proceduras repeated0times:

We randomly split the datainto a training set (80%) and a testset (20%). Via 10-fold
cross-alidationon thetraining setwe estimateall parameteror the differentconsidered
subsetgi)-(iv):

(i) Theridgeis estimated.

(i) Onthebasisof thetrainingsetRCE suggests subsebf channelsWe restrictthe
trainingsetaswell asthetestsetto thesechannelsA ridge-valueis thenestimated
from therestrictedtraining set.

(iii) We restrictthetraining setandthetestsetto the 2 bestranked channeldy RCE.
Theridgeis thenestimatedn therestrictedraining set.

(iv) Theridgeis estimated.

WethentrainanSVM onthe(restricted}rainingsetusingthe estimatedidge. Thetrained
modelis testedonthe (restricted}estset. For (i)-(iv) we obtain50testerrorestimategrom
the50repetitionsfor eachpatient. Table2 summarizesheresults.

7 Results

Theresultsin Table2 shav thatthegeneralizatiorability cansigni cantly beincreasedy
RCE. For patientl the error decreasefrom 38% to 24% whenusingthe channelsubsets
suggestedy RCE. In averageRCE selectschannelsubsetof size5.8. For patientll the
numberof channelss reducedo onethird but the channekelectionprocessloesnotyield
anincreasedaccurag. The error of 40% canbe reducedto 23% for patientlll usingin
averageb channelselectedy RCE.

For patientsl andlll the choiceof the best2 ranked channeldeadsto a muchlower error
aswell. The directcomparisorof the resultsusingthe two bestranked channelgo two
randomlychosenchannelsshovs how well the RCE ranking methodworks: For patient
threethe error dropsfrom chancelevel for two randomchannelgo 18 % usingthe two
best-rankdchannels.

Thereasorwhy thereis sucha big differencein performancdor patientlll whencompar
ing (i) and(iii) might be,thatout of the 84 electrodespnly 20 arelocatedover or closeto
themotorcortex. RCE successfullydenti es theimportantelectrodes.

In contrastto patientlll, the electrodef patientll areall moreor lesslocatedcloseto



Table2: Classi cation Results. We comparehe classi cationaccurag of SVMs trained

on the dataof differentchannelsubsetsyi) all ECoG-channelgji) the subsetdetermined
by Recursve ChanneElimination (RCE),(iii) thesubsetonsistingof thetwo bestranked

channeldy RCEand(iv) two randomlydravn channelsThe meanerrorsof 50 repetitions
aregivenalongwith the standardleviations. Thetesterrorcansigni cantly bereducedy

RCEfor two of thethreepatients.Usingthetwo bestranked channeldy RCE alsoyields

goodresultsfor two patients. SVMs trainedon two randomchannelsshov performance
betterthanchanceonly for patientll.

all channeld) RCEcross-al. (i) RCEtop2 (i) random2 (iv)
pat | #channels error | #channels error | error | error

| 74 0.382 0.071| 5.8 0.243 0.063| 0.244 0.078 | chancdevel
1] 64 0.257 0.076 | 21.5 0.268 0.080| 0.309 0.086 | 0.419 0.123
1] 84 0.4 0.1 5.0 0.233 0.13 | 0.175 0.078 | chancdevel

the motor cortex. This explainswhy datafrom two randomlydravn channelscanyield
a classi cation rate betterthan chance. Furthermorepatientll hadthe fewestelectrodes
implantedand thus the chanceof randomlychoosingan electrodecloseto an important
locationis higherthanfor the othertwo patients.

8 Discussion

We recordedECoG-datdrom threeepilepsypatientsduringa motorimageryexperiment.
Althoughonly few datawerecollected the following conclusionsanbe drawn:

Thedataof all threepatientsis reasonablyvell classi able. Theerrorratesrange
from 17.5%to 23.3%.Thisiis still high comparedo thebesterrorratesfrom BCI

basedon extracranialEEG which areaslow as10% (e.g.[12]). Pleasenotethat
we usedl.5 secondglatafrom eachtrial only andthatvery few training points
(100-200)were available. Furthermore gxtracranialEEG hasbeenstudiedand
developedfor anumberof years.

Recursie ChannelElimination (RCE) showvs very goodperformance RCE suc-
cessfullyidenti es subset®f ECoG-channelthatleadto goodclassi cationper
formance.On average,RCE leadsto a signi cantly improved classi cationrate
comparedo aclassi er thatis basedn the dataof all availablechannels.

Poorclassi cationratesusingtwo randomlydravn channelsandhigh classi ca-
tion ratesusingthe two best-rankd channelsdy RCE suggesthat classi cation
relevantinformationis focusedon small partsof the cortex and depend<n the
locationof the physiologicalfunction.

Thebestranked RCE-channelsorrespondvell with the resultsfrom the electric
stimulation(cf. Figure8).

9 OngoingWork and Further Reseach

Although our preliminary resultsindicate that invasive Brain Computerinterfacesmay
be feasible,a numberof questionsneedto be investicatedin further experiments. For
instance,it is still an openquestionwhetherthe patientsare able to adjustto a trained
classi er andwhetherthe classifyingfunction canbe transferredrom sessiorto session.
Moreover, experimentsthat are basedon tasksdifferent from motor imaginary needto
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Figure4: Electricstimulationof theimplantedelectrodeselpsto identify the partsof the
cortex thatarecoveredby theelectrodegrid. This informationis necessarjor thesumgery.
The red (solid) dots on the left picture mark the motor cortex of patientll asidenti ed
by the electricstimulationmethod. The positionsmarked with yellow crossesorrespond
to the epilepticfocus. Thered pointson the right imagearethe bestranked channelsy
Recursve ChannelElimination (RCE). The RCE-channelgorrespondvell to the results
from the electrostimulationdiagnosis.

be implementedandtested. It is quite concevablethat the tasksthat have beenfound to
work well for extracraniaEEG arenotidealfor ECoG.Likewise, it is uncleawhetherour
preprocessingnd machinelearningmethods,originally developedfor extracranialEEG
data,arewell adaptedo the differenttype of datathatECoGdelivers.
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