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Abstract

We presentpreliminaryresultsfrom real-time‘brain-computerinterface’ experiments.Our

analysisis basedonautoregressive modellingof asingleEEGchannelcoupledwith classification

andtemporalsmoothingundera Bayesianparadigm.We show that uncertaintyin decisionsis

taken into accountundersucha formalismandthat this maybeusedto rejectuncertainsamples

thusdramaticallyimproving systemperformance.Using the strictestrejectionmethoda classi-

fication performanceof
���������
	

% is achieved over a setof seven subjectsin two-way cursor

movementexperiments.

Keywords: Brain-computerinterfacing, real-timeEEG analysis,biosignalanalysis,Bayesian

learning.

1 Intr oduction

Severalpreviouspublicationshave detailedtheuseof measuresextractedfrom thehumanelectroen-

cephalogram(EEG)to form rudimentarycomputerinterfaces(Pfurtschelleret al., 1993;Wolpaw &

McFarland.1994;Robertset al., 1998).Thesearegenerallyreferredto asbrain-computerinterfaces

(BCIs). Therearetwo mainparadigmsunderwhichBCIshavebeenresearched;off-line andon-line.

Theformerhasthetypicalprotocolof anexternally-cuedpromptwhichrequirestheuserto makereal

or imaginedmovements(of thefingerstypically) at intervalsof order10-15seconds.Event-related

1



EEGchanges,in particularthe10-12Hzrhythmover theprimarymotorcortex (themu rhythm),are

thenanalysedoff-line from theEEGrecordings(Peltorantaetal., 1994).Imaginedfingermovements

canbedistinguishedusingsuchaprotocolwith anaccuracy of around70%(Penny & Roberts,1998;

Robertset al., 1998)with distinctionbetweenleft andright-handimaginedmovementsat a similar

level (Pfurtschelleret al., 1994). The secondparadigm,on-line or real-time,is probablythe more

exciting of thetwo. In Pfurtschelleretal.(1993)thedevelopmentof ananalysissystemis reportedin

which realfingermovementsareusedfor trainingandsubsequentimaginedmovementsareassessed

in real-timein thepresenceof bio-feedback(i.e. thesubjectis givenanindicationof theanalysisstate

ateachtime-frame).Whilst initial resultsweresimilar in accuracy to thatof off-line experimentsthis

rosein somesubjectsdueto thepresenceof bio-feedback.Wolpaw et al. (1994)alsocommenton

a similar systemwhich hastheadvantageof beingself-paced(i.e. no externalcuesaregivento the

subjectduringtheexperimentalblock). Suchsystems,however, arereportedashaving thedrawback

of very long (severalweeks)training timesduringwhich somesubjectsbecameacclimatisedto the

system(MacFarlandetal., 1993).

If suchBCIs areto be usedin the evaluationandre-habilitationof, for example,severely dis-

abledsubjects,thenaccuraciesof order70%, the requirementfor real movementsto be performed

for training the systemsandlong subjectacclimatisationtimesmustall be improvedupon. In this

paperwepresentpreliminaryresultswhichappearto indicatethata rapidandaccuratereal-timeBCI

systemis achievablewith little or nosubjectacclimatisation.Thesystemhastheaddedadvantagesof

simplicity andis basedonasingle,differentialEEGsignalonly.

2 Experimental Protocol

A singledifferentialchannelof EEGis recordedusingsilver-silver chlorideelectrodesbetweenpo-

sitionsC3’ andC4’ (3cm posteriorto the standard10-20positionsC3 andC4) which lie over the

primarymotorcortex. Thegroundwasplacedon the headjust behindthe right ear(the right mas-

toid). Thesignalwasamplifiedusingan‘ISO-DAM’ (World PrecisionInstrumentsInc.n.d.) isolation

amplifierwith gain ���� andanaloguebandpassfilteredwith 3dB pointssetat 0.1Hzand100Hz.The

signalwassubsequentlydigitisedat 384Hz. All datawereboth storedandprocessedin real-time
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usingaPentium266MHzPC.

The subjectis seatedbeforethe computerscreenon which is a taskwindow, in which aretwo

icons,a ‘goal’ iconwhich is fixedandlies at topor bottomof thescreenandaniconwhich indicates

thecurrentpositionof the BCI cursor. The latter is confinedto move in the verticaldirection. The

experimentswereperformedwith thesubjectssitting in front of thecomputerscreenin daylight.The

room containedonly the experimenterandthe subject. The experimentalprotocolwascompletely

automatedvia custom-writtensoftware.

Thesubjectwasaskedto attempta seriesof cursor-movementtaskswhich alternatebetweenthe

goal at the top andbottomof the screen.Eachup or down movementtask lastedfor some10-15

seconds.In all theresultspresentedhereupwardsmovementof thecursorwasassociatedwith simple

mentalarithmeticby the subjectand downwardsmotion by imaginedmovementof the dominant

hand.Thechoiceof mentalartihmeticandimaginedmovementsasthetwo cognitivetaskswasbased

upontheresultsof aseparatestudy(Penny & Roberts,1999a,b)which indicatedthatthecombination

of thesetaskswassignificantlybetterthanusingeithertaskin associationwith a baselineperiod,as

reportedin Stamet al (1996),Fernandezet al. (1995),Pfurtschelleret al. (1998)andMcFarlandet

al. (1997).Thesignificancewasat ������������� basedon two-wayANOVA analysis.

In theseexperimentsre-trainingof theclassificationsystemwasperformedaftereachexperiment

using,asatrainingdataset,thepreviousexperimentaldata.Trainingof theanalyserfor classification

duringthefirst experimentalblockwasachievedvia aninitial recordingof 10secondseachof ‘up’ &

‘down’ tasksperformedwithoutbiofeedback.

3 Data Analysis

3.1 Autoregressivemodelling

Weadoptastandardparameterisationof theEEGsignalbasedonparametricmodellingmethods.An

8th-orderautoregressive(AR) modelis fitted to 1/3 secondblocksof data(128samples)whichslide

32samples(1/12second)from oneprocessingtimestepto thenext. Thechoiceof an8th-ordermodel

wasbasedonmodel-orderestimationfrom asection(some20seconds)of EEGdata.Residualerrors

for modelsof orderoneto twentywerecalculatedoverblocksof 128samplesasdetailedabove. Also
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estimatedweretheerrorsdueto parameteruncertainty(for a fixedsizeblock thenumberof samples

available,onaverage,to fit eachparameterdecreaseswith thenumberof parameters)estimatedusing

a Bayesianscheme(seeO’ Ruanaidthand Fitzgerald,1996, for example). This may be usedto

penalisethe residualerror, which is monotonicallydecreasingwith modelorder. Figure1 shows

the resultantpenalisederror function. Thesolid curve shows theerror functionalwith modelorder

averagedoverall thedataandthedashedlinesareat � 1 S.D.Wenotethatthiscurve is relatively flat

from modelordersof 3 to 10 andour choiceof 8 is for computationalconvenience(8 and128,our

blocksizein samples,beingpowersof 2).

The coefficients, ��������� �!�!�"��#%$ , from the AR modelarerapidly estimatedusinga lattice-filterap-

proachwhich adaptsthe coefficientsso as to minimise the squareerror betweenthe setof actual

samples,��&('*),+-$ andthesetof samples,�/.&('*),+-$ predictedvia linearcombinationof the8 (themodel

order)pastsamples,i.e. .&('0)1+,243 #56 7 � � 6 &('0)83:9-+ (1)

Our choiceof a parametricmodel for EEG is baseduponprior publicationin this area(Pardey et

al., 1996,for example)andalsothe fact that it is computationallyefficient which is importantin a

real-timeapplication.TheAR coefficientscodeinformationregardingresonancesin thesignaland

weutilise thecoefficientsetsproducedover1/3seconddatablocksasinput to theclassificationstage

detailednext.

3.2 Bayeslogistic classifiers

The logistic classifieris a well known methodologyfor dataclassification.In previous analysisof

off-line BCI datait wasfoundthatsimplelinearclassificationwasonly marginally worsethancon-

siderablymorecomputationallyintensive methods,suchasflexible models(i.e. ‘neural’ networks;

seePenny & Roberts,1998). The choiceof a linear model in the presentcontext is driven in part

by its speedof computationandminimal lossin performance.Thegenerallogistic classifierhasthe

following form for a two class( ;<���";>= ) problem,?/@BADCFE �"G8HI2KJ @ ;<��L A HD2NMPO ERQSAUT (2)
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in which E is a vectorof the classifierparametersor weights, A is the correspondinginput to the

classifierand G is thetrainingdataset.Notethatin this formulationweregardthebiasweightof the

linearclassifierasanelementof thevector E henceA representsthevectorof input variablesto the

classifieraugmentedby a ‘one’. Thefunction M @WV H is thelogistic functiongivenas

M O E Q A T 2NM @YX HD2 ��[Z]\�^�_ @ 3 X H (3)

where X is referredto asthe ‘latent variable’. We approachthe issueof weight estimationundera

Bayesianparadigmin which theexplicit dependenceof Equation2 on theparametersE is removed

by integration, ?`@aADC G8HD2KbcbdM @YX HFJ @YX L AeCfE �"GgHFJ @BE L G8HFh E h X (4)

By Bayestheoremwemayrewrite theabove(ignoring J @ G8H asit is constantgiventhetrainingdata)?/@BAeC G8Heijb�bdM @YX HWJ @-X L ADCfE �"G8HFJ @ GkL E HWJ @aE HWh E h X (5)

in which J @BE H is theprior parameterdistribution(moreonthis later).Wetakethepopularquadratic-

approximationapproachto solving the integral over E in which thedensityover thevariable X (the

so-calledlatentvariablein the logistic classifier)is approximatedby a Gaussianlocatedat thevalue

of X specifiedby the maximum-likelihoodvalueof the weights, X(lm@BA Hn2 X1@BAeCfE8l H . This approach,

popularisedin the neuralnetwork literatureby MacKay (1992) is often referredto as the Laplace

approximationor, morerecently, asthe‘evidencescheme’.Full (andreadable)detailsof themethod-

ologymaybealsofoundin Bishop’s textbook(1995).Usingthisschemeweobtain,

J @-X L A �"G8HIoqpr' X l @aA H��ts = @BA Hu+ (6)

where pr'*vw�txc+ denotesa Gaussian(normal)distributionwith meanv andvariancex . Thevariance,s = @BA H , of Equation6 is givenas(Bishop,1995):

s = @BA Hy2{z Q @BA HW|~} � z @BA H (7)

wherez�2�� XS� � E evaluatedat E 2 E l and | is theHessianmatrix,definedas� 6�� � 2 � =����� 6 ��� �
(8)
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in which � is theerrorfunctionof theclassifier, whichmaybegivenas:� 243�����J @BE L G8HIi�3�� ��J @ G�L E H�3:� ��J @aE H (9)

By takinga zero-meanGaussianprior with precision1 � (theappropriatereferenceprior in this case,

asdetailedin Lee(1994),for example)over theweights,

J @aE HD2Npr'0��� � } �W� + (10)

sothetotalerroris acombinationof theprior overweightsandthecross-entropyerrorfunction(being

thenegative logarithmof the targetdistribution which is Bernoulli distributed). Denotingthe target

(desired)outputs �u� associatedwith eachinput A � (so G 2 � A ���f�u��$ ), this error function may be

writtenas(Bishop,1995):� 243��5� 7 � @ �u�D��� ? ��Z @ ��3��u�cH�� � @ ��3 ? ��HFHUZ �� � E Q E (11)

which is simply a regularisederror functional2. Thehyper-parameter, or regularisationconstant,� ,

is automaticallyevaluatedaspartof theBayesian-learningparadigmusingasecondlevel of Bayesian

inference(MacKay, 1992;Bishop,1995)in which thelikelihoodof � is estimatedas

J @ � L*G8HI2�b�J @ � L E �"GgHFJ @BE L G8HFh E oqJ @ � L E l �"G8H (12)

where E8l is themost-probableparametersetat any instantin the learningprocess.As E8l changes

duringlearning,so � is periodicallyre-estimatedduringthelearningprocessby choosingthevalueat

themodeof theabovedistribution. This is known asthemaximum-likelihoodII formalism.

TheHessian,Equation8, is approximatedusingtheouterproductmethod(Bishop,1995):

|�2 �5� 7 � � ?`@aA �cH� X,@aA �(H z @aA �cH z Q @BA �(HUZ � � (13)

Thegradientterm,for a linearclassifier, is simply z @aA HD2 A hence

|¡2 �5� 7 � ?`@aA �cH¢'£��3 ?/@BA ��Hu+ A � A`Q� Z � � (14)

1Inversevariance
2Froma non-Bayesianviewpoint this representsaweight-decayregularisergovernedby thefactor ¤
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As the integral of Equation4 is non-analyticwe make useof the approximationpopularisedin the

neuralnetwork literatureby MacKay(1992)anddetailedby SpiegelhalterandLauritzen(1990).J @ ;<��L A HyoKM O"¥¦O s = @aA H T X l @BA H T (15)

where ¥ @ s = Hy2¨§©�[Zjª s =«¬ } �Y®¯=
(16)

This processof moderation, wherebyuncertaintyin the latentvariable( X ) propagatesto adjustthe

posteriorestimates,hasthe elegant effect of moving the posteriorprobability estimatescloserto

theclasspriors in thepresenceof increasings = , thusindicatinga reducedcertaintyin the resultant

decision(were-considerthisagainin section3.4).

3.3 Latent-spacesmoothing

In a real-timeBCI context we wish to performa smoothingsuchthat low certaintydecisionsmay

berejectedor ‘over-ruled’ by highercertaintydecisionsfrom therecentpast(in anoff-line situation,

decisionsmoothingmay alsotake placeusingfuture informationandsuchan analysislendsitself

to the useof hiddenMarkov models,for example). Sucha paradigmis alsosuitablefor adaptive-

learningapproaches,basedfor exampleontheKalmanfilter algorithm(Puskorius& Feldkamp,1994;

Penny & Roberts,1999). We do not take suchanapproachin this paperbut usea computationally

simplermethodologywherebytemporalsmoothingover thelatentspacevariableis performedusing

a two-secondwindow with �
2 ��°
taps(rememberthat our featuresareobtainedwith an effective

resolutionof 32[samples]/384[Hz]= 1/12 second). The choiceof a two-secondwindow may be

arguedto be pragmaticbut representsour prior belief that BCI-relatedEEG changesdo not occur

over a significantlysmallertimescalethanthis. We performa fusionof informationfrom eachtwo-

secondwindow by regardingthesetof � latentvariabledistributionsasforming a Gaussianmixture

density. It is notedthatthis is thesameapproachasis takenin Bayesianinterpretationof acommittee

of classifiers(Roberts& Penny, 1997).Theresultantdensityis hence,J @F±X ��L�� A ��� A � } �����!�!� � A � }�²�³ �t$�Hy2 ²�} �5 6 7©´1µ 6 J @YX � } 6 L A � } 6 H (17)

where µ 6
arethesetof mixturecoefficients.This setcan,in principle,bere-estimatedfrom samples

of thedata.This requires,however, extensivecalculationof cross-errorcorrelationmatriceswhich in
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turn requirelargedatasetsfor accurateestimation.We choosethemorepragmaticapproach,given

therelativesparsityof datain eachtimewindow (�g2 ��°
exemplars),of simplysettingµ 6 2j� � � .

Themixturedensityof Equation17mayberepresentedasasingledensitywith mean±X l� 2 ²�} �56 7©´ µ 6 X l� } 6
(18)

where XSl is at themode(andmeanfor Gaussians)of therelevantlatentdistribution. Thevarianceof

thedensityover ±X is givenby±s =� 2 Var ' ±X ��+,2 ²�} �5 6 7©´1µ 6 s = @aA � } 6 HUZ ²�} �56 7©´�µ 6 @F±X l� 3 X l� } 6 H = (19)

The above meanandvarianceestimatesarethenceusedwith the approximationof Equation15 to

obtainthemoderatedposteriorestimateover the � -tapwindow,±J @ ;<�¶L(� A �S���!� �!� A � }�²�³ �"$�HDoKM O ¥ O ±s =� T ±X l� T (20)

Thismoderatatedposteriorprobabilitytakesinto accountuncertaintydueto imprecisionin theparam-

etersof eachconstituentmemberof thecommittee(thefirst termin Equation19)andalsouncertainty

dueto disagreementbetweencommitteemembers(thesecondtermin Equation19). It is notedthat

committeesareprovably betterin performancethantheaverageperformanceof their members(see

Bishop,1995,for example). In this context we guaranteeby usinga setof resultsfrom a temporal

window, therefore,to outperformthemeanperformanceof partialdecisionswithin thewindow.

3.4 Bayesdecisiontheory for rejection

From a Bayesiandecision-theoreticviewpoint decisionuncertainty(or confidencein a decision)is

uniquelytakeninto accountvia themoderatedposteriorprobabilities.Weconsideranoptimalclassi-

fier, whichprovablyoperatesby assigninganunknown datumA to class;<� if andonly if±J @ ;<��L A Hy2N·¦¸�^¹ � ±J @ ; ¹ L A H"$ (21)

If adecisionis made,on this basis,to classify A to ;<� thenastrict measureof thelossor uncertainty

associatedwith thedecisionto �º3 ±J @ ;<�mL A H . Our inherentconfidencein a decisionis givenby this

quantity. Notethat,if equalpenaltiesareaccruedfor misclassificationfrom all classes(theso-called

lossmatrix is isotropic)thesamedecisionwill bemadefor
±J @ ;<��L A Hy2K����»�� or 0.99butourconfidence
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in thedecisionis dramaticallydifferent.Indeed,it is commonpracticeto includea ‘reject’ classsuch

that A is rejectedif ·R¸�^ ¹ � ±J @ ; ¹ L ¼,H�$R�½�º3
h where h�¾{'0����� � � + is a measureof thecostassociated

with falselyrejectingthesampleA .

In all casesreportedin this paper, we usethe above Bayesianformalismto estimatemoderated

posteriorprobabilitieswhicharethenceclassifiedto oneof threeclasses;cursormovementup,cursor

movementdown andreject (if ·¦¸�^�� ±J @ ;À¿ ² L A H�� ±J @ ;>Á ÂÄÃ��,L A H�$��Å�Æ3qh ). For the resultspresented

in this paperwe rejectusinga thresholdof �Ç3Nh]2È���ÊÉ on the maximumposterior. This setting,

equivalentto h�2¡��� ° , meansthat we areassuming(arguablyarbitrarily, however) that the relative

costof misclassificationis 1/0.4= 2.5 timesthecostof falselyrejectingthesample.Thesethreholds

can,of course,be adjusted.By decreasingthe cost h , so the rejectionthreshold, �Ç3�h , risesand

moresamplesarerejected.Werequirea tradeoff betweenreducingthe‘cost’ of decisionmakingand

maximisingthe fractionof dataon which we make a decision(cursorup or down). Froman initial

studyona separatedataset(not includedin theresultsof this paper)we expecteda valueof hË2q��� °
to result in a rejectionof some30-40%of the data. The lower boundfor reject-sample‘gaps’ in

thedecisionmakingprocess(assumingtherejectionsaretemporallyuncorrelated)is only about1/7

second.Theupperbound(assumingthe rejectionsall occurin a highly correlatedblock) is around

8 seconds(being40%of theexperimentalblock lengthof approximately20s). This issueis further

discussedin theresultssectionlaterin thepaper.

3.4.1 Information gain

If input A is classifiedto class; l thenwe mayalsomeasurethecertaintyof thedecisionin termsof

thenumberof bits of informationgainby observingA . For thetwo-classproblemwe considerhere,

theinformationgain, ÌmÍ @aA H say, is boundedaboveby 1 bit andbelow by 0 bits (beingtheinformation

entropy of priorssetto 1/2). Letting,hence,ª @ ; l HD2Î� � �
betheprior wemaywrite,ÌmÍ @BA Hy2{��Ï�Ð = § ±J @ ; l L A Hª @ ; l H ¬ (22)

4 Results

We presentresultsfrom a a setof sevenvolunteersubjects(not includingtheauthors)eachof whom

performeda setof 12 experimentalblocks. Eachexperimentalblock consistedof a singleattempt
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to move thecursorupwardsfollowedby anattemptto move it downwardsby a similar amountthus

giving a setof six ‘up/down’ runs. This protocolwas itself repeatedfour timesper subject. The

cursormovementwasproportionalto thedominantposteriorprobabilityandin thedirectionof that

class(up or down). If G @ �FH representsthe cursordisplacementwith G @ �cH�2Å� then, save for an

arbitraryconstant, G @ �FHy2 Ñ5
ÑÓÒ 7©´[Ô ±J @ ;À¿ ² L A ÑÓÒ HI3 ��1Õ (23)

For eachexperimentalblock,asweknow (from thelocationof thegoalicon) thedesiredreponse,we

maycalculateanaccuracy measureonasample-by-samplebasis.

Fromthesetof six ‘up/down’ runsourtrainingandtestingprocess(asdiscussedin section2) gives

riseto a setof five performancemeasurespersubjectperblock andthusa total of »RÖ�×¦Ö ° 2Ø� ° �
results.

Figure2 showsthiscursor-movementtracefor onecursor-up/down experimentalrun. Theoverall

performance(‘correct’ classificationinto upor down classes)was82%.Thisvalueis calculatedover

the 84% of the datawhich was not rejected. Note that the rejectedsamples(shown in the graph

assmallermarkers)arenot randomlyscatteredbut consistof several blocksof durationorderone

second.

Samplerejectionoccursin regionswherediscriminatoryinformationis low. As detailedin the

previoussection,wemayquantifytheinformationcontent(in bits)overeachsectionof datausingthe

mutualinformationmeasurebetweentheclassposteriorsandpriors(Equation22). Figure3 showsthe

informationgainfor thefirst two subjects(which aretypical) averagedover all experimentalblocks

thesesubjectsperformed(the solid line). The dashedlines areat �Ë� S.D. from this average.The

first two secondsarenot plotted to ensurethat no initialisation effectsdueto temporalsmoothing

arepresentin the plots. We notethat thereis a statisticallysignificantdecreasein the information

measureover thefirst few seconds.This significanceis at the �~�N���Ê�c» level asevaluatedusingrank

statistics.

4.1 Classificationperformance

As thecursormovementis continuousratherthandiscrete,i.e. cursormovementsareproportionalto

theestimatedposteriorsratherthanmoving afixeddistancein somedirection,somecontinuouserror
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measure(suchasthe cross-entropy error itself) is perhapsmoreappropriatethana simplecountof

correctclassifications.Thelattermeasureis, however, a stricterone,penalisingpoorclassifiersmore

heavily, andalsohasthebenefitof easyinterpretation.Wepresentsuchclassificationresultsfor three

scenarios:

Hard rejection: Temporalsmoothingandmoderatedposteriorsareusedalongwith a rejectoption.

If, however, morethan50%of anexperimentalblockis rejectedthentheentireblockis removed

from thedatasetasa ‘corrupted’dataepoch.

Soft rejection: Smoothingand moderationis oncemore appliedbut no removal of experimental

blocksis performed.

Baseline: Nosmoothing,moderationor rejectionisperformedandclassificationismadeonasample-

by-sample(each1/12second)basis.

Figure4 shows the meanresultson a subject-by-subjectbasisfor thesethreeprotocols. The error

barsareat �Æ� S.D.Usingthehardrejectionscheme(circles)we seethatmeanperformance,for all

subjects,is high (anaverageof ��� « É °�« �K���Ê��É�Ù °
over subjects).This high performanceis offsetby

the fact that 21%of the datablockswereentirely rejectedandof the remainingdataan averageof

28%samplerejectionstill tookplace.Whennoblocksareexcludedfrom thedataset(soft rejection)

theperformancereduces(crosses)but is still at anaverageof ����×�»�Ùc»��Ú���Ê��É�Éc× correctclassification.

Table6 showsthesubject-by-subjectfractionof dataclassified(i.e. not rejected).Onaverage66%of

thedatasamplesareclassified.Thefinal results,thebaselinemeasures,show thatwith no temporal

smoothingor rejectionthe sample-by-sampleclassificationperformanceis poor, with an average

successrateof only ����»���� « �d��� ���m»�� (stars).

4.2 Significanceon block basis

We may alsoconsiderthe overall significanceof eachup/down experimentalblock. This may be

quantifiedby consideringa Û = analysisof the
� Ö �

confusionmatrix(whoseelementsarethenumbers

of truepositiveandfalsepositivedecisionsfor eachof thetwo classes)(Pressetal., 1991).Thenull-

hypothesisin this caseis that of a stochastic(random)classifier. For the soft rejectionschemethe
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average��Ï�Ð � ´ @ �1H valuefrom this statisticis 3¶É�� � ÙÜ� ° � ° » thusindicatinghighly significantresults.

All subjectsshowedanaverage���K��� }SÝ .
4.3 Control blocks

Wealsorecorded,for eachsubject,asetof controlblocksin whichthesubjectwasaskedto relaxand

not performeitherof thetwo mentaltasks.In 86%of theserunsperformancewasindistinguishable

from thatof arandomclassifierto the ���������c» level (usinga Û = testontheconfusionmatrix). Figure

5 shows thecursor-up probability from onesuchrun. Theup/down decisionboundaryis markedat

1/2 (dashedline) asarethesamplerejectionboundaries(at0.6and0.4,dottedlines).

5 Conclusions& Futur eWork

In this paperwe have consideredtheperformanceof a real-time‘brain-computerinterface’. Surpris-

ingly goodresultsareobtainedusingonly asingleEEGchannelandnosubjecttraining.Theanalysis

is basedon anAR modelof thesignalcoupledwith a logistic classificationscheme.Both theseap-

proachesarerapidandwell-suitedto real-timeapplication.Theclassifieris trainedunderaBayesian

paradigmwhich enablesestimatesof the latent-variabledensityto bemadeaswell asautomatically

regularisingthesystem.A Bayesiancommitteedecisionover two-secondwindows is thenceusedto

performtemporalsmoothingof thelatentvariable.Thisenablesuncertaintydueto temporalvariance

to betakeninto accountaswell asuncertaintydueto parameterimprecision.Dramaticimprovements

in resultsareachievedby thenceusinga rejectoptionon the ‘moderated’posteriorprobabilitieses-

timated. We would arguethat the rejectoption offers a principledmethodologyfor dataexclusion

which avoids attemptedclassificationin areasof poor datareliability. Our resultsareshown to be

highly significantagainstthenull-hypothesisof a randomclassifier.

Futurework mustextendthe databaseon volunteersubjectsandalsoevaluatethe performance

of the systemon patientswith neuro-disability. We intend,furthermore,to extendthis analysisto

two-dimensional(up/down & left/right) cursormovement.
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mean 0.7552 0.5321 0.6991 0.5743 0.6355 0.7275 0.6914
S.D. 0.1157 0.1799 0.1234 0.2170 0.1699 0.1281 0.2203

Table1: Meanand oneS.D.fraction of data classifiedover all experimentsfor the sevensubjects

includingall rejectedruns(softrejection).Overall meanclassifiedfractionis ����Éc»�Ù��������!�m×�×�× .
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Figure1: Model-orderestimationfor ARmodelling. Thepenalisederror functionalis fairly flat with

modelorder from3 to 10.
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Figure2: Cursor displacementmeasure resultingin classificationperformanceof 82%. A total of

16%of the datawasrejected.Thesesamplesare shownassmallerpointson thegraph. Notethat

thesearecontiguousblocks.
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Figure3: Meaninformationgain (bits) with time over all experimentsfor the first two subjectsin

thedataset(solid line). Thedashedlinesare at �Æ� S.D.Notethereductionin informationover the

first few seconds.Thefirst two secondsare not plottedto avoidanyinitialisation effectsof temporal

smoothing.
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Figure4: Meanclassificationresults,� 1 S.D.for all sevensubjects.Threesetsof resultsaredepicted

in thisfigure, each slightlyoffsetfromthecorrespondingsubjectnumberfor clarity. Performancefor

threeparadigmsare presented;rejectionof ‘poor’ experimentalruns(o), intra-runrejectoption( Ö )

andno latentsmoothing, posteriormoderation or rejectoption (*). Performanceaveragedover all

subjectsis ��� « É °�« ��������É�Ù °
(o), ����×�»�Ù�»��Þ���Ê��É�Éc× ( Ö ) and ����»���� « �Þ��� ����»�� (*).
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Figure5: Control block in which thesubjectis not attemptingto make cursor movements.Thesolid

line representsthemoderatedposteriorprobability for cursor up movements.Thedashedline is the

up/downdecisionboundaryandthedottedlinestheboundsof therejectoption(asdetailedearlier).

Notethat, savefor a small sectionof data,no cursor-movementclassificationis attemptedand the

datais classifiedto therejectclass.
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Figure1: Model-orderestimationfor ARmodelling. Thepenalisederror functionalis fairly flat with

modelorder from3 to 10.

Figure2: Cursor displacementmeasure resultingin classificationperformanceof 82%. A total of
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thesearecontiguousblocks.

Figure3: Meaninformationgain (bits) with time over all experimentsfor the first two subjectsin

thedataset(solid line). Thedashedlinesare at �Æ� S.D.Notethereductionin informationover the

first few seconds.Thefirst two secondsare not plottedto avoidanyinitialisation effectsof temporal

smoothing.
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Figure4: Meanclassificationresults,� 1 S.D.for all sevensubjects.Threesetsof resultsaredepicted

in thisfigure, each slightlyoffsetfromthecorrespondingsubjectnumberfor clarity. Performancefor

threeparadigmsare presented;rejectionof ‘poor’ experimentalruns(o), intra-runrejectoption( Ö )

andno latentsmoothing, posteriormoderation or rejectoption (*). Performanceaveragedover all

subjectsis ��� « É °�« ��������É�Ù °
(o), ����×�»�Ù�»��Þ���Ê��É�Éc× ( Ö ) and ����»���� « �Þ��� ����»�� (*).

Figure5: Control block in which thesubjectis not attemptingto make cursor movements.Thesolid

line representsthemoderatedposteriorprobability for cursor up movements.Thedashedline is the

up/downdecisionboundaryandthedottedlinestheboundsof therejectoption(asdetailedearlier).

Notethat, savefor a small sectionof data,no cursor-movementclassificationis attemptedand the

datais classifiedto therejectclass.
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