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1. Intr oduction

Establishmentof robustdirectbrain-machinecommunicationchannelshasenhancedfunction

andperformanceof both impairedandnormalnervoussystems.The creationof direct links

betweenbrainandmachinehasbeenmoststronglymotivatedby theneedto provide a mode

of communicationfor thosesilencedby conditionssuchasamyotrophiclateralsclerosis.Such

brain-computerinterfaces(BCI) [1] translatecorticalactivity involvedwith motorplanningand

motorresponseto selectlettersandwordsonacomputerdisplayor controlroboticprosthesis.

Perhapsthe moststriking resultshave beendemonstratedthroughinvasive systemsbasedon

multiunit microelectrodeimplants.Microelectrodearraysimplantedin motorcortex have en-
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abledmonkeys to reachandgraspin threedimensionsusingaroboticarmandgripperwithout

usingtheirhands[2]. In fact,invasivesystemshavealreadyallowedhumanswith ALS or high

level spinalinjury to communicate[3].

Invasive brainmachineinterfacesneednot be limited to monitoringcorticalactivity. Rep-

resentinganastonishingparadigmshift, neuroscientistsin Brooklyn have assumedtherole of

animaltrainer, wirelesslyguidingratsusingcorticalmicrostimulation[4]. Ratswereimplanted

with microelectrodesin left andright somatosensory(barrel)cortex andmedialforebrainbun-

dle (MFB). Ratsfollowing navigationalcuesprovided by stimulatingsomatosensorycortex

weresubsequentlyrewardedthroughstimulationof MFB. Both navigationalandrewardstim-

uli arecontrolledby therat trainers,howeveronecanenvisageasystemin whichmotorcortex

is monitoredsorewardcentersareautomaticallystimulatedif navigationalcuesarecorrectly

executed.Direct micro-stimulationof cortical rewardcentersto improve motivationandtask

performanceimmediatelyraisesethicalconcerns.A moreacceptablesolutionperhapsrestsin

developinga systemthat deliversreward throughtraditionalsensorysystemswhile monitor-

ing rewardcentersto determinea setof optimalsensorystimuli thatmaximizerewardimpact.

Theadvertisingindustrywouldcertainlybene�t from suchasystem.Clinically motivatedcor-

tical stimulationsystemshave successfullytreatedthosesuffering with Parkinson's [5] and

Epilepsy[6] by stimulatingthe subthalamicnucleusandvagusnerve respectively. Cochlear

implantshave restoredhearingby stimulatingthe auditorynerve [7] andvisual cortical im-

plantspromiseto restorevision [8].

Invasive brain machineinterfacesareclearly well motivated,improving quality of life by

restoringcommunication,motor control,hearingandpossiblyvision to a sizablesegmentof

thepopulation.Brain machinecommunicationchannelsalsoenablecognitive userinterfaces

(CUI) designedto enhancehealthy nervous systemfunction, augmentinguserperformance

duringcognitively demandingtasksby boostinginformationprocessingcapacityandreducing

stress-inducedde�cienciesof executive control functions1. Widespreadadoptionof invasive

cognitive interfacesis highly unlikely; assuch,any cognitive userinterface(CUI) mustrely

1Visit DARPA's vision for Cognitive UserInterfaces:http://www.darpa.mil/ipto/programs/augcog/
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on non-invasive neuroimagingmodalities.Functionalmagneticresonanceimaginghasrevo-

lutionizedneuroscienceby delineatingtheanatomicalorigin of scoresof cognitive processes.

While fMRI studiesarecritical to thedesignof any CUI, thesize,cost,andmoreimportantly

temporalresolutionof scannersprohibits their usein any practicalapplication. Millisecond

temporalresolutionandlow-costmakeelectroencephalography (EEG)themostviablemodal-

ity for cognitive interfacedesign.

Robust classi�cation algorithmsare critical in order to realizepracticalbene�ts of EEG.

Sensitivity to environmentalnoiseis of obvious concern,however recentadvancesin sensor

technology2 suggestclassi�er developmentshouldfocuson identifying neuralsources.Tra-

ditionally, electrophysiological researchrelies on averagingacrosshundredsof stimulusor

responselockedtrialsto uncoverthedynamicsof neuralactivity from EEG.Theunderlyingas-

sumptionhasbeenthatby averagingacrosstrials,thecontributionof backgroundEEGactivity

is minimizedrelative to neuralactivity correlatedwith astimulus.Sucheventrelatedpotential

(ERP)analysis,however, masksvariability betweentrials that may be of critical importance

whenstriving to understandunderlyingcorticalinteractions.For example,onestudydescribes

analphaphasedistribution acrosstrials that compriseaveragedvisual stimulus-evokedevent

relatedpotentials[9]. The authorsof this studysuggestthat visual stimuli in fact resetthe

phaseof dynamicneuralactivity resultingin variability of alphaphaseacrossstimuluslocked

trials. Any practicalEEGbasedinterfacemustaccountfor inter-trial variability.

Immediateapplicationsfor cognitiveuserinterfacescanbederivedby teasingapartprocess-

ing stagesbetweensensorystimuli andmotorresponseasoutlinedin Figure1. Contemporary

modelsindicatethat sensoryinformation is decomposedinto discretefundamentalfeatures

that are subsequentlyintegratedunderconstraintsimposedby adjacentfeaturesand higher

orderareasassociatedwith memoryandreward. The processof sensorimotorintegrationis

still subjectto debate;however onehypothesisproposesthatperceptualevidenceaccumulates

lendingweight to competingneuronalpopulationspoisedto executemotor plansfor distinct

postures. Motor responsesare subsequentlymonitoredand the outcomein�uences reward

2For example,non-contactbioelectrodes:http://www.darpa.mil/dso/thrust/biosci/metaeng/quasar.html
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Figure1: Stimulusresponseprocessingstagesfor cognitiveuserinterfacedesign

centerswhich feedbackto in�uence subsequentdecisions.Monitoring neuralpopulationsas-

sociatedwith perception,sensorimotorintegration,andrewardimmediatelysuggestscognitive

userinterfacesfor high-throughputobject recognitionanderror correction. After reviewing

linear classi�cationmethods,we presenttwo examplesof cognitive userinterfacesdesigned

expresslyto augmentcognitionby enhancingthroughputduringanobjectrecognitiontaskand

correctingresponseerrorsduringstressfulmotorintensive tasks.

2. Machine Learning: Linear Methods

Themeritsof linearandnon-linearmethodswerethesubjectof adebateheldduringtheSecond

InternationalMeetingon BCIs [10]. This discussionreviewed importantfactorsto consider

when�tting a learningalgorithmto theproblemof classifyingEEGsuchasthedegreeof prior

information,natureof datadistributions,amountof trainingdata,andcomputationalcosts[11]

for onlinereal-timecognitive interfaces.At thepresenttimewepreferlinearmethodsfor EEG

classi�cationsinceaprincipledapproachde�ning theorigin of nonlinearitiesin EEGhasyetto

beclearlyde�ned. Comparedwith non-linearmethods,linearmethodsareconsistentwith the

linearity of volumeconduction,arelesslikely to over-�t noise,andhave a signi�cantly lower

computationalcost.

Linearmethodsfor analyzingmulti-channelEEGcanbecategorizedassupervisedor unsu-

pervised.Traditionallyimplementedasanunsupervisedmethod,ICA [13] decomposessignals

into severalindependentcomponentswith timeseriesthatareviewedandanalyzedseparately.
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Unsupervisedmethodsdonot leveragetruth labelsassociatedwith experimentaleventssuchas

stimulustype.Supervisedmethods,on theotherhand,exploit traininglabelsgivenknowledge

of the taskand/orsubjectresponses.CSP[14] is an exampleof supervisedsourcerecovery

widely usedin EEG.This methodweightselectrodesaccordingto thepower capturedfor two

classesof data. It �nds orientationsin thesensorspacein which thepower is simultaneously

maximizedfor oneclassandminimizedfor theother. An alternative to maximizingpower is

to maximizethe discriminationbetweentwo classes.Parraet al. [24] proposeda linear dis-

criminationmethodthatspatiallyintegratessensorvaluesin well-de�ned temporalwindowsto

recoversourcesthatmaximallydiscriminatetwo classesgivenlabeledEEG.

All threemethodslinearly transformtheoriginalsignalsas,Y = WX whereX aretheobser-

vations(theoriginalEEGsignalmatrix),W is thetransformmatrix(or vector)thatis calculated

usingthedifferentlinearapproaches,andY is theresultingsourcematrix(or vector)represent-

ing therecoveredsources.Notetherecovery of sourcesY givenanunderlyinglinearmixture

of observationsin X.

2.1 IndependentComponentAnalysis

IndependentComponentAnalysis(ICA) is amethodof �nding alineartransformationof input

vectorsX that maximizesthe statisticalindependenceof output sourcevectorsY suchthat

Y = WX. Principalcomponentanalysis(PCA) �nds a transformationthat decorrelatesinput

vectorsby �nding a linear transformationresultingin orthogonaloutputvectorssuchthat the

innerproductof thevectorsis zero. Traditionally, thePCA transformationmatrix consistsof

thenormalizedeigenvectorsof the input vectors'covariancematrix. In contrast,ICA �nds a

transformationsuchthat the mutual informationbetweenoutputvectorstendsto zero. ICA

transformationsaccountfor higherorderstatisticalpropertiesof sourcesasopposedto PCA

which is basedonsecondorderstatistics.

EEGis well suitedfor ICA analysis[13]. Theapplicationof ICA to any problemrequires

compliancewith several assumptions.Most importantly, the underlyingsourcesresponsible
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for generatinga setof observationsmustbestatisticallyindependent.Applying ICA to EEG

generatesa setof statisticallyindependenthypotheticalneuralor artifactualsourcesfrom sen-

sor observations. ICA placesno restrictionson the spatialstructureof suchsources,which

might be widely distributed or spatially isolated. For examplea widely distributed source

could correspondto 60 Hz environmentalnoiseaffecting all sensors,while an ideal isolated

sourcemight correspondto activity in thesomatosensoryhomunculusassociatedwith tactile

stimulationof the right index �nger. ICA will not, however, generatesourcescorresponding

to differentneuralprocessesthatsharethesameunderlyingstatistics.This limitation canmost

likely beovercomeonly by incorporatingprior informationconcerningthefunctionalsigni�-

canceof neuralanatomy.

It is assumedthat all mixing is linear andinstantaneous.While mixing is most likely not

lineargiventhedynamicsof electromagnetic�eld propagationin nervoustissue,cerebrospinal

�uid, skull andscalp,thisassumptionis neverthelessmorerealisticthanattemptingto account

for nonlinearitiesintroducedby neuralanatomy. A ratherpopularassumptionis thatvolume

conductionin brain tissueis instantaneousthereforwe do not needto be concernedwith the

introductionof propagationdelays.

The informationmaximizationalgorithm[12] commonlyusedto apply ICA to EEG im-

posestwo additionalassumptions,namelythattheprobabilitydensitydistributionsof sources

closelyresemblethegradientof ageneralizedlogisticsigmoidandthatthenumberof indepen-

dentsourcesis equalto thenumberof sensors.In [12], thegradientof a generalizedlogistic

regressionfunction is shown to resemblethe probabilitydensityfunctionof a Gaussianwith

high kurtosis. Thestatisticsof EEG,asis thecaseof mostnaturalsignals,do in fact resem-

ble a highly kurtotic Gaussiandistribution so this assumptionis approximatelysatis�ed. The

dimensionof neuralsourcesis unknown andsooneof thekey challengesin ICA analysisof

EEGlies in determinationof theoptimalnumbersensorsandsourcechannels.
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2.2 CommonSpatial Patterns

The commonspatialpatterns(CSP)approach[14] �nds an optimal setof spatial�lters that

producefeaturesideal for binary classi�cation. Essentially, optimal spatial�lters aredeter-

minedthroughjoint diagonalizationof two covariancematricesderivedfrom eachtaskrelated

class. The normalizedcovariancematrix of eachsingle trial NxT matrix X, whereN is the

numberof channelsandT is thenumberof samples,is determinedasC = XX 0/trace(XX 0). The

averageof covariancematricesfrom class1 (C1) andclass2 (C2) trials arethensummedto

produceacompositecovariancematrixCc = C1 + C2. Theeigenvectorsandeigenvaluesof this

spatialcovariancematrixyield awhiteningtransformationP= (¸ c)¡ 1=2U0
c whereCc = Uc¸ cU0

c.

Transformingtheaveragecovariancematricescorrespondingto the2 classes,S1 = PC1P0 and

S2 = PC2P0, assuresthatS1 andS2 sharecommoneigenvectorssuchthatS1 = B¸ 1B0 andS2 =

B¸ 2B0 where¸ 1 + ¸ 2 = I. The �rst andlast eigenvectorsof B thenrepresentoptimal projec-

tionsassociatedwith class1 andclass2 respectively. In otherwordsprojectingwhitenedEEG

dataalongthevectorsde�ned by the�rst andlasteigenvectorsof B will yield featurevectors

ideal for discriminationbetweenEEG dataassociatedwith the two classes.The projection

matrix is thende�ned asW = (B0P)0andanEEGtrial is transformedasY = WX. Thecolumns

of W¡ 1 arethecommonspatialpatternsandcanbe interpretedastime-invariantEEGsource

distributionvectors.

2.3 Linear Discrimination

Linear discriminationis also a supervisedmethodand can be usedto computethe optimal

spatialintegrationof a largearrayof sensorsfor discriminationbetweentwo classes[24]. As

with ICA andCSP, lineardiscrimination�nds a transformationY = WX whereX is a 2-D N

x (M x t) matrix representingM trials (M = I + J, I trials for class1 andJ trials for class2) of

EEGdataatt timepointsandN recordingelectrodes.W, determinedwith logisticregression,is

a spatialweightingcoef�cient vectorde�ning a hyperplanemaximallyseparatingtwo classes.

Timing informationis exploitedby discriminatingandaveragingwithin a shorttime window
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relative to aknown externaleventsuchasstimuluspresentationor motorresponse.

3. Cognitiveuser interface for error correction

Error relatednegativity (ERN) in EEGhasbeenlinked to perceivedresponseerrorsandcon-

�icts in decision-making.Single-trialdetectionof theERN hasbeenproposedasa meansof

correctingcommunicationerrorsin a BCI system[23]. We have developedsingle-trialERN

detectionto predict task-relatederrors. The systemcan be usedas an automatedreal-time

decisionchecker for time-sensitive control tasks. This open-looperror correctionparadigm

representsthe�rst applicationof real-timecognitiveeventdetectionanddemonstratestheutil-

ity of real-timeEEGbrainmonitoring.

Therehasbeena recentspike in studiesof cortical regionsassociatedwith con�ict moni-

toring during motor response.FunctionalMRI andEEG studiesof interferencetasksreport

signi�cant increasesin anteriorcingulatecortex (ACC) activity preceding[15] and follow-

ing [16] responseselectionthat is believedto beassociatedwith con�ict monitoring[17] and

emotionalevaluationof errors[18]. Referredto aserror relatednegativity (ERN) or medial

frontal negativity (MFN) in EEG studies,suchelectricalactivity is observed during �anker

[17], Stroop[19], rapid serialvisual presentation(RSVP)[20, 15], andgambling[18] tasks.

DuringanEriksen�anker task[21] subjectsareinstructedto indicateby button-presstheclass

of a centralcharacter�ankedby distractorcharacters(e.g. “< < < < < ” or “< < > < < ”).

Errorsin motorresponsearereadilygeneratedduringthis task,andareaccompaniedby ERN

[22] associatedwith ACC.

Usinga simplelinearclassi�er, we have reportedup to 79%correctdetectionof theERN

within 100 ms of the erroneousresponse[24]. More interestingly, we have describeda set

of adaptive, linear algorithmsfor artifact removal and ERN detectionoptimized for high-

throughputreal-timesingle-trialcorrectionof humanerrorsduringanEriksen�ankertask[25].

The resultsobtainedfor a typical subjectwith 90% correctdetectionareshown in Figure2.

Thepreviously describedfronto-centralerrorrelatednegativity is observedwithin 100msfol-
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Figure2: ERN detectionusing linear discriminationcombiningthe time intervals 0-100ms

and100-200msafter response.(left) Discriminatingcomponentand(center)scalpprojection

graphsresultswereobtainedwith off-line linearclassi�cation.Similarresultsareobtainedwith

on-lineadaptation.(right)Single-trialROCresultscompareA z for off-line (LOO), on-lineand

usingonly Fcz electrode.Notethaton-lineandoff-line arecomparable.

lowing the response.In addition,a moreprolongedbilateralposteriorpositivity is observed

for correcttrials,which furtherimprovesdiscrimination.This systemis capableof signi�cant

improvementin human-machineperformanceassummarizedin Table1.

4. Cognitiveuser interface for imagesearch

Theappearanceof a target imageduringa rapidserialvisualpresentation(RSVP)taskelicits

anEEGresponseassociatedwith targetrecognition.We have demonstratedthat thedetection

of theseEEGsignalson a singletrial basiscanbeusedto replacetheslow manualresponse

of a humanoperator, therebysigni�cantly increasingthe throughputof imagesearchtasks.

This paradigmhasthe potentialto improve the performanceof ImageAnalystsandradiolo-

gistswho needto routinely survey large volumesof aerial imageryor medicalimages(e.g.

mammograms)within shortperiodsof time. In addition,the approachlooks to measurethe

“bottleneck”betweenconstantdelayperceptualprocessingandmorevariabledelaycognitive

processing.Thusthedetectedsignaturescanbeusedto “gauge”if cognitivesystemsarecapa-
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Table1: Summaryof on-lineerrorcorrectionfor eachof 7 subjects

Subject originalerror % error

ID ratein % reductiona

1 6 23

2 10 -6

3 15 -1

4 15 49

5 13 27

6 14 47

7 18 12
aNegativevaluesindicatedegradationin performance.

ble/incapableof assimilatingperceptualinput for fastdecisionmaking.

4.1 Rapid object recognition

Currentmodelsof visualobjectrecognitionproposeinformation�o wsthroughaseriesof feed-

forwardprocessingstagesin which low level featuresareextractedfrom a visualscene,then

integratedunderconstraintsimposedby adjacentand top-down connections[26]. The true

natureof cortical circuits responsiblefor perceptionand recognitionremainsa mystery. In

factthereis muchdebateasto whetherrecognitionrelieson information�o w throughcortico-

corticalfeedbackloopsor ratheronefeed-forwardsweepthroughthevisualsystem[27].

While directfunctionalimagingof corticalcircuitsis notyetfeasible,indirectevidencefrom

singleunit recordings,eventrelatedpotentialandpsychophysicalstudiesdescribemacroscopic

cortical regionscomprisingthe visual systemin termsof both anatomicalspatialconstraints

andfunctionaltemporalconstraints.Thechallengein any suchstudyis designingexperiments

that teaseapartcortical processingstagesinvolved with objectrecognitionanddelineatethe

spatialextentandtemporalorder, latency, duration,andin�uence of eachstagein responseto

speci�c classes[28] of visualstimuli.
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Oneexperimentaltaskthatsimulatesnaturalsaccadicsceneacquisitionis RapidSerialVi-

sual Presentation(RSVP) [29]. During an RSVP task a continuoussequenceof imagesis

presentedin astaticlocation.Electrophysiologicalstudiesof macaquemonkey corticalcell re-

sponseto RSVPstimuli indicateprocessingrequiredfor objectrecognitionis completedwithin

150 millisecondsof stimulusonset[29]. Faceselective neuronsin superiortemporalsulcus

(STSa)weremonitoredwhile animagesequenceof 7 differentlyorientedfaceswaspresented

(14-222ms/image).Neuronsconsistentlyrespondedselectively to targetfaceimagesof aspe-

ci�c orientationapproximately108msfollowing targetonset,regardlessof presentationrate.

Responsedurationwasproportionalto stimulusduration.

This studydoesnotnecessarilyre�ect visualprocessingtime requiredfor all classesof nat-

ural images.Faceselective neuronalactivity re�ects responsesof highly specializedcortical

pathwaysthatmaynot participatein processingparticularsubsetsof naturalscenes.Neuronal

responsetimesmayalsoberelatedto earlystagesof thevisualprocessingpathway dedicated

to low-level featureextraction. In addition, sincecortical responselatenciesare shorterin

macaquethanhumans[30], these�ndings donotdirectly translateto visualobjectrecognition

processingtime of humans.A seminalEEG-basedRSVPstudy[31] establisheda signi�cant

differencebetweentrial averagedfrontal electrodeevent relatedpotentials(ERPs)approxi-

mately150msfollowing presentationof targetvs. distractorimages.Lateralmotor response

relatedactivity wasobservedapproximately375msafterstimulusonset.Target imagescon-

tainedan animal in a randomlocation within a naturalscenewhile distractorimageswere

naturalscenes.More recently, a similar experimentreportedEEGactivity correlatedwith im-

agecategorizationbeginswithin 80 msof imagepresentation[32]. Theseresultsdemonstrate

thatEEGsignaturesof rapidobjectrecognition/categorizationcanbeseen,with a very short

latency following stimuluspresentation,by averagingacrossmultiple trials.

While the early onsetof differentialERPactivity notedin thesestudiessuggestsrecogni-

tion is achievedfollowing asinglefeed-forwardsweepthroughthevisualsystem[33], another

studyreportsthis activity is dueto low-level featurerecognitionratherthanobjectcategoriza-

tion [27]. A cued-targetparadigmwasdesignedto testfor differencesin ERPsresultingfrom
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target and non-target visual stimuli with contextual ratherthan featuraldifferences. Target

categories(e.g. animal,furniture, dog) werepresentedabouthalf a secondbeforeeachim-

age.Targetandnon-target imagesetswereidenticalensuringno differencesin low-level fea-

tures.Eventrelatedpotentialsfor thecued-targettaskaremarkedly differentthantheoriginal

single-categorygo/no-gotask.A presentationlockedERPdifferencesimilar to thatpreviously

reportedis only presentwhentherearelow-level featuraldifferencesbetweentargetsandnon-

targets.Thereis a laterdifferentialcomponentabout150-300msfollowing imagepresentation

arisingfrom contextual differences,the latency of which is correlatedwith reactiontime. If

this componentis in factassociatedwith objectrecognition,its latency doespermit inclusion,

albeit brief, �o w of informationthroughcortico-corticalfeedbackloops. Of coursethis task

requiresinteractionbetweenvisualstimulusresponseandverbalmemory, which mayaddan

additionalprocessingstage.Onehypothesisof interestis thatthevariablelatency resultsfrom

integrationof ambiguoussignalsto reachadecisionin posteriorparietalcortex [34].

We have recentlyreportedsingle-trialdetectionof spatialsignaturesin EEG relatedto vi-

sualtargetrecognitionwithin 200millisecondsof imageonsetduringanRSVPtask[35]. This

RSVPtaskdifferedfrom Thorpe's original experimentin that subjectswereasked to detect

target imageswithin sequences(barrages)of 100 images[36] thathada 50%chanceof con-

taininga singletarget image.Target imagesconsistedof a person/peoplecomprisingno more

than25% of a naturalscenewhile distractorimageswerenaturalscenes.Subjectswere in-

structedto pressa button at the beginning of a sequenceandreleaseit if a target appeared.

EEGfrom targetanddistractortrialswascomparedonasingle-trialbasisusinglineardiscrim-

inant analysis[24, 37] anda forward linear modelwasusedto determinesensorprojections

of thediscriminatingsourceactivity [24]. As shown in �gure 3, this forwardmodelindicated

thatdiscriminatingactivity beganapproximately200msfollowing imagepresentationmoving

anteriorlyover sensorymotor areas300-400ms following imagepresentation.Sincethese

signaturesarelearned/detectedsingle-trial,it is possibleto analyzevariability betweentrials

aswell asdetermineclassi�cationperformanceonnew trials.

This experimentrequiredthatsubjectsmake a motor responseimmediatelyafterdetecting
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