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Abstract

During thelast tenyearstherehasbeengrowing interestin thedevelop-
mentof Brain ComputerInterfaces(BCIs). The �eld hasmainly been
driven by the needsof completelyparalyzedpatientsto communicate.
With a few exceptions,mosthumanBCIsarebasedonextracranialelec-
troencephalography (EEG).However, reportedbit ratesarestill low. One
reasonfor this is the low signal-to-noiseratio of theEEG[16]. We are
currentlyinvestigatingif BCIsbasedonelectrocorticography (ECoG)are
a viable alternative. In this paperwe presentthe methodandexamples
of intracranialEEGrecordingsof threeepilepsypatientswith electrode
grids placedon the motor cortex. The patientswere asked to repeat-
edly imaginemovementsof two kinds,e.g.,tongueor �nger movements.
Weanalyzetheclassi�ability of thedatausingSupportVectorMachines
(SVMs) [18,21] andRecursive ChannelElimination(RCE)[11].

1 Intr oduction

Completelyparalyzedpatientscannotcommunicatedespiteintactcognitive functions.The
diseaseAmyotrophicLateralSclerosis(ALS) for example,leadsto completeparalysisof
thevoluntarymuscularsystemcausedby thedegenerationof themotorneurons.Birbaumer
et al. [1, 9] developeda Brain ComputerInterface(BCI), calledthe ThoughtTranslation
Device (TTD), which is usedby several paralyzedpatients.In orderto usethe interface,
patientshaveto learnto voluntaryregulatetheirSlow CorticalPotentials(SCP).Thesystem
thenallowsits usersto write text onthescreenof acomputeror to surf theweb. Althoughit
presentsa majorbreakthrough,thesystemhastwo disadvantages.Not all patientsmanage



Figure1: Theleft pictureschematicallyshows thepositionof the8x8electrodegrid of pa-
tient II. It wasplacedon theright hemisphere.As shown in theright picturetheelectrodes
areconnectedto theampli�er via cablesthatarepassedthroughtheskull.

to control their SCP. Furthermorethe bit rate is quite low. A well-traineduserrequires
about30secondsto write onecharacter.

Recentlytherehasbeenincreasingintereston EEG-basedBCIs in the machinelearning
community. In contrastto theTTD, in many BCI-systemsthecomputerlearnsratherthan
thesystem's user[2,5,11]. Most suchBCIs requirea datacollectionphaseduringwhich
thesubjectrepeatedlyproducesbrainstatesof clearlyseparablelocations.Machinelearn-
ing techniqueslikeSupportVectorMachinesor FisherDiscriminantareappliedto thedata
to deriveaclassifyingfunction.This functioncanbeusedin onlineapplicationsto identify
thedifferentbrainstatesproducedby thesubject.
The majority of BCIs is basedon extracranialEEG-recordingsduring imagined limb
movements.We restrictourselves to mentioningjust a few publications[14,15,17,22].
Movement-relatedcorticalpotentialsin humansonthebasisof electrocorticographicaldata
havealsobeenstudied,e.g.by [20]. Very recentlythe�rst work describingBCIsbasedon
electrocorticographicrecordingswaspublished[6,13]. Successfulapproacheshave been
developedusingBCIs basedon singleunit, multiunit or �eld potentialsrecordingsof pri-
mates.Serruyaetal. taughtmonkeysto controlacursoronthebasisof potentialsfrom 7-30
motorcortex neurons[19]. TheBCI developedby [3] enablesmonkeys to reachandgrasp
usinga robotarm.Their systemis basedonrecordingsfrom frontoparietalcell ensembles.

Driven by the successof BCIs for primatesbasedon singleunit or multiunit recordings,
we arecurrentlydevelopinga BCI-systemthatis basedon ECoGrecordings,asdescribed
in thepresentpaper.

2 Electrocorticography and Epilepsy

All patientspresentedsuffer from a focal epilepsy. The epileptic focus- the part of the
brainwhich is responsiblefor theseizures- is removedby resection.Prior to surgery, the
epilepticfocushasto belocalized.In somecomplicatedcases,thismustbedoneby placing
electrodesonto the surfaceof the cortex aswell asinto deeperregionsof the brain. The
skull over theregionof interestis removed,theelectrodesarepositionedandtheincisionis
sutured.Theelectrodesareconnectedto a recordingdevicevia cables(cf. Figure1). Over
a periodof a 5 to 14 daysECoGis continuouslyrecordeduntil thepatienthashadenough
seizuresto preciselylocalizethefocus[10]. Prior to surgerythepartsof thecortex thatare
coveredby theelectrodesareidenti�ed by theelectricstimulationof electrodes.

In thecurrentsetup,thepatientskeeptheelectrodeimplantsfor oneto two weeks.After
theimplantationsurgery, severaldaysof recovery andfollow-upexaminationsareneeded.
Dueto thetight time constraints,it is thereforenot possibleto run long experiments.Fur-
thermoremostof thepatientscannotconcentratefor a long periodof time. Thereforeonly
asmallamountof datacouldbecollected.



Table1: Positionsof implantedelectrodes.All threepatientshadan electrodegrid im-
plantedthatpartly coveredtheright or theleft motorcortex.

patient implanted electrodes task trials

I 64-gridright hemisphere, left vs. right hand 200
two 4-stripinterhemisphere

II 64-gridright hemisphere little left �nger vs. tongue 150
III 20-gridcentral, little right �nger vs. tongue 100

four 16-stripsfrontal

3 Experimental Situation and Data Acquisition

The experimentswereperformedin the departmentof epileptologyof the University of
Bonn. We recordedECoG data from three epileptic patientswith a samplingrate of
1000Hz.

The electrodegrids wereplacedon the cortex underthe duramaterandcoveredthe pri-
marymotorandpremotorareaaswell asthe fronto-temporalregion eitherof theright or
left hemisphere.Thegrid-sizesrangedfrom 20 to 64 electrodes.Furthermoretwo of the
patientshadadditionalelectrodesimplantedon otherpartsof thecortex (cf. Table1). The
imagerytaskswerechosensuchthattheinvolvedpartsof thebrain

� werecoveredby theelectrodegrid

� wererepresentedspatiallyseparatein theprimarymotorcortex.

The expectedwell-localizedsignal in motor-relatedtaskssuggesteddiscriminationtasks
usingimaginationof hand,little �nger, or tonguemovements.

Thepatientswereseatedin a bedfacinga monitorandwereasked to repeatedlyimagine
two differentmovements.At the beginning of eachtrial, a small �xation crosswasdis-
playedin thecenterof thescreen.The4 secondimaginationphasestartedwith a cuethat
waspresentedin theform of apictureshowing eithera tongueor a little �nger for patients
II andIII. Thecuefor patientI wasanarrow pointingleft or right. Therewasashortbreak
betweenthetrials. Theimageswhichwereusedasacueareshown in Figure5.

4 Preprocessing

Startinghalf a secondafter the visualizationof the task-cue,we extracteda window of
length1.5secondsfrom thedataof eachelectrode.For every trial andevery electrodewe
thusobtainedanEEGsequencethatconsistedof 1500samples.Thelineartrendfrom every
sequencewasremoved. Following [8,11,15] we �tted a forward-backwardautoregressive
modelof orderthreeto eachsequence.Theconcatenatedmodelparametersof thechannels
togetherwith thedescriptorof theimaginedtask(i.e. +1, -1) form onetrainingpoint. For
a given numbern of EEG channels,a training point (x; y) is therefora point in R3n �
f� 1; 1g.

5 ChannelSelection

Thenumberof availabletrainingpointsis relatively smallcomparedto thedimensionality
of the data. The dataof patientIII for example,consistsof only 100 training pointsof



Figure2: Thepatientswereaskedto repeatedlyimaginetwo differentmovementsthatare
representedseparatelyat theprimarycortex, e.g. tongueandlittle �nger movements.This
�gure shows two stimuli thatwereusedasa cuefor imagery. Thetrial structureis shown
on the right. The imaginationphaselastedfour seconds.We extractedsegmentsof 1.5
secondsfrom theECoGrecordingsfor theanalysis.

dimension252. This is a typical settingin which featuresselectionmethodscanimprove
classi�cationaccuracy.

Lal et al. [11] recentlyintroduceda featureselectionmethodfor thespecialcaseof EEG
data.Their methodis basedon Recursive FeatureElimination(RFE) [7]. RFEis a back-
ward featureselectionmethod. Startingwith the full dataset, featuresareiteratively re-
moved from the datauntil a stoppingcriteria is met. In eachiterationa SupportVector
Machine(SVM) is trainedandits weightvectoris analyzed.Thefeaturethatcorresponds
to thesmallestweightvectorentryis removed.
RecursiveChannelElimination(RCE)[11] treatsfeaturesthatbelongto thedataof achan-
nel in a consistentway. As in RFE,in every iterationoneSVM is trained.Theevaluation
criteriathatdetermineswhichof theremainingchannelswill beremovedis themeanof the
weight vectorentriesthat correspondto a channel's features.All featuresof the channel
with the smallestmeanvalueareremoved from the data. The outputof RCE is a list of
rankedchannels.

6 Data Analysis

To begin with, we areinterestedin how well SVMs canlearn from smallECoGdatasets.
Furthermorewe would like to understandhow localizedthe classi�cation-relevant infor-
mation is, i.e. how many recordingpositionsarenecessaryto obtainhigh classi�cation
accuracy. We comparehow well SVMs cangeneralizegiven thedataof differentsubsets
of ECoG-channels:

(i) thecompletedata,i.e. all channels

(ii) thesubsetof channelssuggestedby RCE.In this settingwe usethelist of ranked
channelsfrom RCE in the following way: For every l in the rangeof oneto the
totalnumberof channels,wecalculatea10-foldcross-validationerroron thedata
of the l best-ranked channels.We usethe subsetof channelswhich leadsto the
lowesterrorestimate.

(iii) the two best-ranked channelsby RCE. The underlyingassumptionusedhereis
thattheclassi�cation-relevantinformationis extremelylocalizedandthattwo cor-
rectly chosenchannelscontainsuf�cient informationfor classi�cationpurposes.

(iv) two channelsdrawn at random.

Throughoutthepaperwe uselinearSVMs. For regularizationpurposeswe usea ridgeon
thekernelmatrixwhichcorrespondsto a2-normpenaltyon theslackvariables[4].
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Figure3: This plot shows ECoGrecordingsfrom 4 channelswhile thepatientwasimag-
ining movements.Thedistanceof two horizontallinesdecodes100�V . Theamplitudeof
the recordingsrangesroughly from -100 �V to +100�V which is on theorderof � ve to
tentimestheamplitudemeasuredwith extracranialEEG.

To evaluatethe classi�cationperformanceof an SVM that is trainedon a speci�c subset
of channelswe calculateits predictionerroron a separatetestset.We usea double-cross-
validationscheme- thefollowing procedureis repeated50 times:
We randomlysplit the datainto a training set (80%) and a test set (20%). Via 10-fold
cross-validationon thetrainingsetwe estimateall parametersfor thedifferentconsidered
subsets(i)-(iv):

(i) Theridgeis estimated.

(ii) On thebasisof thetrainingsetRCEsuggestsasubsetof channels.Werestrictthe
trainingsetaswell asthetestsetto thesechannels.A ridge-valueis thenestimated
from therestrictedtrainingset.

(iii) We restrictthetrainingsetandthetestsetto the2 bestrankedchannelsby RCE.
Theridgeis thenestimatedon therestrictedtrainingset.

(iv) Theridgeis estimated.

WethentrainanSVM onthe(restricted)trainingsetusingtheestimatedridge.Thetrained
modelis testedonthe(restricted)testset.For (i)-(iv) weobtain50testerrorestimatesfrom
the50 repetitionsfor eachpatient.Table2 summarizestheresults.

7 Results

Theresultsin Table2 show thatthegeneralizationability cansigni�cantly beincreasedby
RCE.For patientI theerrordecreasesfrom 38%to 24%whenusingthechannelsubsets
suggestedby RCE.In averageRCEselectschannelsubsetsof size5.8. For patientII the
numberof channelsis reducedto onethird but thechannelselectionprocessdoesnotyield
an increasedaccuracy. The error of 40% canbe reducedto 23% for patientIII using in
average5 channelsselectedby RCE.
For patientsI andIII thechoiceof thebest2 rankedchannelsleadsto a muchlower error
aswell. The direct comparisonof the resultsusingthe two bestranked channelsto two
randomlychosenchannelsshows how well the RCE rankingmethodworks: For patient
threethe error dropsfrom chancelevel for two randomchannelsto 18 % usingthe two
best-rankedchannels.

Thereasonwhy thereis sucha big differencein performancefor patientIII whencompar-
ing (i) and(iii) might be,thatout of the84 electrodes,only 20 arelocatedover or closeto
themotorcortex. RCEsuccessfullyidenti�es theimportantelectrodes.
In contrastto patientIII, the electrodesof patientII areall moreor lesslocatedcloseto



Table2: Classi�cation Results.We comparetheclassi�cationaccuracy of SVMs trained
on thedataof differentchannelsubsets:(i) all ECoG-channels,(ii) thesubsetdetermined
by RecursiveChannelElimination(RCE),(iii) thesubsetconsistingof thetwo bestranked
channelsby RCEand(iv) two randomlydrawn channels.Themeanerrorsof 50repetitions
aregivenalongwith thestandarddeviations.Thetesterrorcansigni�cantly bereducedby
RCEfor two of thethreepatients.Usingthetwo bestrankedchannelsby RCEalsoyields
goodresultsfor two patients.SVMs trainedon two randomchannelsshow performance
betterthanchanceonly for patientII.

all channels(i) RCEcross-val. (ii) RCEtop2 (iii) random2 (iv)
pat #channels error #channels error error error

I 74 0.382� 0.071 5.8 0.243� 0.063 0.244� 0.078 chancelevel
II 64 0.257� 0.076 21.5 0.268� 0.080 0.309� 0.086 0.419� 0.123
III 84 0.4� 0.1 5.0 0.233� 0.13 0.175� 0.078 chancelevel

the motor cortex. This explainswhy datafrom two randomlydrawn channelscanyield
a classi�cation ratebetterthanchance.FurthermorepatientII hadthe fewestelectrodes
implantedandthus the chanceof randomlychoosingan electrodecloseto an important
locationis higherthanfor theothertwo patients.

8 Discussion

We recordedECoG-datafrom threeepilepsypatientsduringa motor imageryexperiment.
Althoughonly few datawerecollected,thefollowing conclusionscanbedrawn:

� Thedataof all threepatientsis reasonablywell classi�able.Theerrorratesrange
from 17.5%to 23.3%.This is still highcomparedto thebesterrorratesfrom BCI
basedon extracranialEEGwhich areaslow as10%(e.g.[12]). Pleasenotethat
we used1.5 secondsdatafrom eachtrial only andthat very few training points
(100-200)wereavailable. Furthermore,extracranialEEG hasbeenstudiedand
developedfor anumberof years.

� Recursive ChannelElimination(RCE)shows very goodperformance.RCEsuc-
cessfullyidenti�es subsetsof ECoG-channelsthatleadto goodclassi�cationper-
formance.On average,RCE leadsto a signi�cantly improved classi�cationrate
comparedto aclassi�er thatis basedon thedataof all availablechannels.

� Poorclassi�cationratesusingtwo randomlydrawn channelsandhigh classi�ca-
tion ratesusingthe two best-ranked channelsby RCE suggestthat classi�cation
relevant informationis focusedon small partsof the cortex anddependson the
locationof thephysiologicalfunction.

� ThebestrankedRCE-channelscorrespondwell with theresultsfrom theelectric
stimulation(cf. Figure8).

9 OngoingWork and Further Research

Although our preliminary resultsindicate that invasive Brain ComputerInterfacesmay
be feasible,a numberof questionsneedto be investigatedin further experiments. For
instance,it is still an openquestionwhetherthe patientsare able to adjustto a trained
classi�er andwhethertheclassifyingfunctioncanbe transferredfrom sessionto session.
Moreover, experimentsthat are basedon tasksdifferent from motor imaginaryneedto
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Figure4: Electricstimulationof theimplantedelectrodeshelpsto identify thepartsof the
cortex thatarecoveredby theelectrodegrid. This informationis necessaryfor thesurgery.
The red (solid) dotson the left picturemark the motor cortex of patientII as identi�ed
by theelectricstimulationmethod.Thepositionsmarkedwith yellow crossescorrespond
to the epilepticfocus. The red pointson the right imagearethe bestranked channelsby
Recursive ChannelElimination (RCE).The RCE-channelscorrespondwell to the results
from theelectrostimulationdiagnosis.

be implementedandtested.It is quite conceivablethat the tasksthat have beenfound to
work well for extracranialEEGarenot idealfor ECoG.Likewise,it is unclearwhetherour
preprocessingandmachinelearningmethods,originally developedfor extracranialEEG
data,arewell adaptedto thedifferenttypeof datathatECoGdelivers.
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B. Scḧolkopf. SupportVector ChannelSelectionin BCI. IEEE Transactionson
BiomedicalEngineering. SpecialIssueon Brain-ComputerInterfaces, 51(6):1003–
1010,June2004.
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