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Abstract

Weappliedsecond-ordeblind identification(SOBI),anindependentomponenanalysigICA)
method,to MEG datacollectedduring cognitive tasks. We explored SOBI’s ability to help
isolateunderlyingneuronalsourceswith relatively poor signal-to-noiseatios, allowing their
identificationandlocalization. We comparelocalizationof the SOBI-separatedomponents
to localizationfrom unprocessedensorsignals,using an equivalent currentdipole (ECD)
modelingmethod. For visual and somatosensorgnodalities,SOBI preprocessingesultedin
componentghat canbe localizedto physiologically and anatomicallymeaningfullocations.
Furthermorethis preprocessingllowedthe detectionof neuronakourceactivationsthatwere
otherwiseundetectableThis increasegrobability of neuronalsourcedetectionandlocaliza-
tion canbe particularlybeneficialfor MEG studiesof higherlevel cognitive functions,which
oftenhave greatersignalvariability anddegradedsignal-to-noiseatiosthansensonactivation
tasks.

1 Intr oduction

MagnetoencephalograpifMEG) is a passve functional brain imaging techniquewhich, under
ideal conditions,canmonitorthe activation of a neuronalpopulationwith a spatialresolutionof a
few mm andwith millisecondtemporalresolution(Hamalaineretal., 1993;Geogeetal., 1995).
Typical signalsassociateavith neuronahctity areontheorderof onehundredT, while thenoise
signalswithin a shieldedroomtendto be muchlarger (Lewine andOrrison,1995). Furthermore,
the intrinsic sensomoiseis comparablen magnitudeto small neuronalsignals. Therefore what
the sensorgecordduring an experimentis always a mixture of small neuromagneti@and large
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noisesignals. This relatively poor signal-to-noiseratio* can affect the localizationof neuronal
actuity.

Severalindependentomponentanalysis(ICA) algorithms,suchassecond-ordeblind iden-
tification (SOBI) (Belouchranietal., 1993; Cardoso,1994),Bell and Sejnavski (1995) Infomax,
andflICA (HyvarinenandOja, 1997),have beenappliedto EEG data(Makeig etal., 1996,1997,
1999b;Jungetal., 2000a,blandMEG data(Vigario etal., 1998; Tangetal., 2000a;Vigario et al.,
1999,2000;Wibbeleretal., 2000;Zieheetal., 2000;Caoetal., 2000).In bothapplications)CA
methodshave provenusefulfor artifactremoval andfor improving the signal-to-noiseatio (Jung
etal.,2000a,bVigarioetal., 1998;Tangetal., 2000a).For generakeviews of ICA seeAmari and
Cichocki(1998);Cardosq1998);Hyvarinen(1999);Vigario etal. (2000).

For MEG, in additionto separatingariousnoisesignalsfrom theneuromagnetisignals SOBI
andfICA have beenshavn to separat@neneuronalsourcefrom anotherbetweerandwithin the
samemodality (Tanget al., 2000a;Vigario et al., 1999,2000). To localize functionally indepen-
dentneuronalsourcesor to simultaneouslyocalizeandrecover thetime courseof theseneuronal
sourcesa variety of algorithmshave beenproposedMosheret al., 1992; Kinouchi et al., 1996;
Sekiharaetal., 1997;Naganoetal., 1998; MosherandLealy, 1998;Uutelaet al., 1998;Mosher
and Leaty, 1999; Schwartz et al., 1999; Sekiharaet al., 2000; Huanget al., 2000; Aine et al.,
2000;Ermeretal., 2000;Caoetal., 2000;Schmidtetal., 1999). Giventheir capabilityto separate
noiseandneuronalsignals,ICA algorithmsare expectedto benefitall sourcelocalizationmeth-
odsby providing themwith input signalsthat are morelikely to be associatedvith functionally
independenbeuronakources.

It wasfound, however, thatthe fICA-separatecomponentyieldedlocalizationresultsquali-
tatively similarto thosearrivedat without ICA preprocessingVigarioetal., 1999).Consequently
no substantiabenefitsfrom ICA werereportedfor neuromagnetisourcelocalization. As oneof
thestrengthof ICA is its ability to separat@oisefrom the signalsof interestsywhetherlCA could
offer any advantagen sourceocalizationshoulddependon the signal-to-noiseatio in the sensor
data. The experimentreportedby Vigario et al. (1999)wasoptimally designedo producestrong
andfocal activation of a small numberof neuromagneticourcesand thereforehigh signal-to-
noiseratios. Undersuchoptimal conditions,ICA could notimprove muchuponthe alreadygood
localizationprovided by corventionalmethods.

In this paper we appliedICA to neuromagnetisignalswith relatively poor signal-to-noise
ratios collectedduring cognitive tasksinvolving large trial-to-trial variability in neuronalsource
activationandfrom a muchlarger numberof sourcesWe localizedtheseneuronalsourcesaising
the equivalent currentdipole (ECD) modelingmethod(Neuromag)on SOBI-separated¢ompo-
nents,andon unprocessedensordata. We found that SOBI preprocessingesultedin the local-
ization of neuronalsourceghat could not be found whenthe dipole fitting methodwas directly
appliedto the sensordata. In addition, the processof localizing separatedomponentsequired
significantlylesssubjectve judgmentregardingwhich sensordo excludefrom the analysig and
atwhattime the dipolesarefitted. We suggesthatlCA methodscanbe particularlyeffective and
efficientin the studyof higherlevel cognitive functionswhenthe neuronalsourceactivationsare

lUnlessotherwiseindicated,we usesignal-to-noiseatio in the sensedefinedin signaldetectiontheory Signals
referto theneuromagnetisignalof interest.Noiserefersto all othersignalsincludingervironmentalandsensonoise
andotherbackgroundrainsignals.

2|t is acommonpracticeto select20-30sensorsver the brainregion of interestfor dipolefitting.
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oftencharacterizedby their greaterdegreeof variability andlower signal-to-noiseatios.

2 Methods

2.1 Cognitive Tasks

We collectedMEG datafrom four right-handedsubjectgtwo femalesandtwo males)duringfour
visualreactiontimetasksoriginally designedo studytemporalobememoryfunctions(Tangetal.,
2000b). Thesetasksaredescribedn detailin AppendixA. Here,we offer a brief description.In
eachtask, a pair of coloredpatterns,one of which wasthe target, was presentedn the left and
right halves of the display screen. The subjectwas instructedto presseither the left or right
button whenthe target appearedn the left or right, respectiely. In all tasks,the tagetwasnot
describedo the subjectprior to the experiment.The subjectwasto discover thetargetby trial and
errorusingauditoryfeedbacklow andhightonescorrespondetb correctandincorrectresponses,
respectrely). All subjectsvereableto discover therule within afew trials.

Thetasksdifferedin the memoryloadrequiredfor determiningwhich of the pair is thetarget.
Taskonesenedto familiarizethe subjectswith all visualpatterns.Thesubjectsimply viewedthe
stimuli andwereasledto presseithertheleft or right buttonattheir own choicewhile makingsure
approximatelyequalnumbersof left andright button pressesvere performed.As such,taskone
placedittle memorydemandnthesubject.Tasktwo involvedrememberin@ singletargetpattern
which appearean eachtrial pairedwith anothemattern.Subjectspressedheright or left button
to indicatewhetherthetamgetpatternwasontheleft or theright. Taskthreeinvolvedremembering
multiple targets,eachalwayspairedwith the samenon-taget. Taskfour wasthe mostcomplex. In
taskfour, targetswerecontext sensitve in a circularfashion,asin the gamerock-papefscissors.
The amountof cognitive processingeyondthe initial sensoryprocessingncreaseduccessiely
from taskoneto taskfour.

We useddatafrom thesecomplex cognitive tasksto evaluatethe capabilityof SOBI (seeAp-
pendixB.1) becaus®f therelatively poorsignal-to-noiseatiosinvolvedin comparisorto sensory
activation tasks. Specifically thesetasksinvolved (1) large visual field stimulationwithout the
useof fixation points,(2) incidentalsomatosensorstimulationasa resultof buttonpressesiuring
reactiontime tasks,and (3) highly variablebutton pressresponse®ecausereciselywhat form
of the thumbmovementshouldbe, how the mousewasheld, andwherethe handsrestwere not
specified. Thesesourcesof variability in visual and somatosensorgctivation canleadto poor
signal-to-noiseatiosin the averageresponsesnakingit particularlydifficult to localizethe neu-
ronal sourcedrom unprocessedveragedsensordata. The involvementof higherlevel cognitve
functions,memorydemandsand the small numberof trials (90 in mostcases)collectedunder
eachtaskcondition,furtherdecreasethe signal-to-noiseatiosin the averagedsensordata.These
tasksthereforeoffereda setof challengingdatasetin whichtheadvantage®f ICA methodscould
berevealed.

2.2 Selectionof ICA Methods

In selectionof ICA algorithms,oneimportantconsiderations the robustnesf the algorithmto
sensomoise. Instantaneousnd summaryalgorithmsare two extremesof ICA algorithmsthat
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differ in whethereachpoint in time is consideredn isolation. Instantaneouslgorithms,such
as Bell-Sejnavski Infomax (1995) and fICA (Hyvarinenand Oja, 1997), make repeatedpasses
throughthe datasetand updatethe unmixing matrix in responseo the dataat eachtime point.
They aredervedundertheassumptiorthatthe signalsarewhite, andtheir resultsshouldtherefore
be invariantto shufling of the data. As a consequencef this, they cannottake advantageof the
temporalstructureof eachsourceasa cuefor correctseparationin contrastsummaryalgorithms
first make a passthroughthe datawhile summarystatisticsare accumulatedy averaging;they
then operatesolely upon the summarystatisticsto find the separatiormatrix. Somesummary
algorithmscollect statisticthat allow themto make useof the temporalstructureof the sources
asa cuefor separation.More importantly summaryalgorithmsshouldin generalbe relatvely
insensitve to sensomnoise,because¢heir summarystatisticsareaveragesover time. Therelatively
poor signal-to-noisegatiosin MEG datasuggestedhe choiceof a summaryalgorithmratherthan
aninstantaneoualgorithm.

Whenit canbe assumedhat eachsourcehasa broadautocorrelatiorfunction, asis the case
with brain signals,the summaryalgorithm SOBI (Belouchraniet al., 1993; Cardoso,1994) can
usethistemporalstructureasa cueandgive high quality separatiowhile imposingrathermodest
computationatequirementsSOBI extractsa large setof statisticsfrom the datasetyhich it uses
for the separation.Eachof thesestatisticsis calculatedby averagingacrossthe datasetwhich
makesthe algorithmrobust againstnoise. The particularstatisticscalculatedarethe correlations
betweerpairsof sensorsatafixeddelay (x;(t) z;(t + 7)). This makesgooduseof abundantbut
noisydata,andmostimportantly SOBI canbetunedby modifying its setof delays(seeAppendix
B), allowing its usersto gentlyintegratea very weakform of prior knowledge,namelyknowledge
of thelengthconstanof theautocorrelatioriunction. AlthoughBell-Sejnavski InfomaxandfICA
have beenpreviously appliedto MEG andEEGdata,andotherlCA algorithms suchasContextual
ICA (PearimutteandParra,1996)andSparséDecompositior{Zibulevsky andPearimutter2001),
arelocally available,we selectedsOBlasour ICA methodbasedntheabove propertieof SOBI.
However, we have not conductedh systematicomparisorof ICA methodgor our MEG data.

2.3 Second-OrderBlind Identification

SOBI is consideredlind asit makesno assumptiongboutthe form of the mixing process.In
otherwords, SOBldoesnot attemptto solvethe inverse problemor usethe physicsof the situa-
tion in ary way. It doesnot try to estimatecurrents,or know aboutMaxwell’'s equationor any
of its consequencesThe only physical assumptiormadeaboutthe mixing processs thatit is
instantaneouandlinear.

Letx(t) beann-dimensionalectorof sensosignals which we assumeo beaninstantaneous
linear mixture of n unknavn independentinderlyingsourcess;(t), via the unknovn stationary
n X m mixing matrix A,

x(t) = A s(t) (1)

ThelCA problemis to recovers(t), giventhemeasurements(¢) andnothingelse.Thisis accom-
plishedby finding a matrix W which approximatesA —!, upto permutatiorandscalingof its rows.
SOBlassumeghatthesourcesrestatisticallyindependenin time,andnot necessarilyrthogonal
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in space.lt finds W by minimizing the correlatio betweenonerecoveredsourceat time ¢ and
anotherattimet + 7.

Theparticularsetof delaysr we usedwerechoserto cover areasonablyvide interval without
extendingbeyondthe supportof theautocorrelatiorfunction. Measuredn unitsof samplesatour
300Hz samplingrate,thedelay$ were

r€{1,2,3,4,56,7,8,9,
10, 12, 14, 16, 18,
20, 25, 30, 35, 40, 45, 50, 55,
60, 65, 70, 75, 80, 85, 90, 95, 100 }.

Eachrecovereds;(t) alsohasa sensorspaceprojectionthatgivesthe sensoreadingsof s;(t)
(seeSec.B.2). This sensoiprojectioncanbe displayedasa field map,andcanbe usedasinput
to sourcelocalizationalgorithms. For example, after calculatingits sensorprojection, we can
repackage componentor localizationby Neuromaglipole modelingtools.

SOBI sharesa numberof weaknessewith all ICA methods:they all assumehatthereareas
mary sensorsaassourcesthey all make somesort of independencassumptionthey all assume
thatthemixing processs linear; andthey all assumehatthe mixing processs stable.SeeSection
4.3for furtherdiscussion.

2.4 Localization of SeparatedComponents

SOBI was performedon continuou$ 122-channetlatacollectedduring the entire period of the
experiment,sampledat 300 Hz, andband-paséiltered at 0.03—100Hz. It generated.22 compo-
nents® eacha one-dimensionaime serieswith anassociatedield map(seeAppendixB.2). Each
componenpotentiallycorrespond$o a setof magnetidield generators.

Eventtriggeredaverageswvere calculatedrom their continuoussingle-trialtime seriesfor all
122 separate@omponentswherethe triggeringeventswere eithersensorystimuli or behaioral
responsedtor the specifictasksusedhere thereweretypically 10—20componentsn eachexper
imentwhich shavedresponsefockedto eitherstimuli or to button pressesThosewith stimulus-
or motorlockedresponsewerecandidateneuronalgeneratorssincethey shovedtaskrelatedac-
tivation. Thosewith responsetocked onto otherexternalevents,suchaseye blinks or heartbeats
(detectedusingEOG andEKG), were consideredknownn noisesources.The restweretreatedas
non-task-relatedoisesources.

For a taskrelatedcomponentf its field map andtime coursewere consistentwith known
neuroplysiologicaland neuroanatomicdiacts,we consideredt a neuronalcomponenteflecting
theactwity of aneuronalgeneratarFor example,if thefield mapof acomponenshavs activation

3For justificationfor this minimization,seeDiscussion.

4The choiceof delayscan affect the resultsof separation.Dependingon the typesof sourcesactivatedby the
behaioral task,the selectionof delayscanhave comple interactionswith thelatengy of evokedresponsesThisis an
importanttopic anddeseresa separatetudy

SNote that ICA algorithmscanalsobe appliedto cross-trialaveragesatherthan continuousdata,asin Makeig
etal. (1999c).

6]CA algorithmsproducethe samenumberof componentsstherearechannelsn theirinput.



Tangetal Independen€omponentsf MEG: Localization 6

over the occipital cortex andthe visual stimulustriggeredaveragefor this componentontainsan
evoked responsedhat peaksbetween50-100msthenit is consideredo reflectthe actvity of a
visual sourcein the occipital lobe. Using this procedure neuronaland non-neuronafjenerators
wereseparate@ndidentified (Tangetal., 2000a,b).A dipolefitting methodwasthenappliedto
theidentifiedneuronatomponentsTheinputto thedipolefitting algorithm(Neuromagxfit, least
square)wasthe field map,andthe outputwasthe location of ECDs projectedonto the subjects
structuralMRI images.

This samedipole fitting algorithmwas usedfor localizationwith and without SOBI prepro-
cessing Becauseur goalwasto evaluatewhetherl CA methodscanimprove sourcelocalization,
we were not concernedvith whetherthe leastsquaredipole fitting wasasgoodasmorerecent
moresophisticatedourcemodelingmethods Our interestwasnotin localizationaccurag perse
but in the compaative performanceof a givenlocalizationmethodwhenusedalone,asopposed
to beingcoupledwith ICA.

In statisticalcomparisonfo matchthe commonpracticein sourcemodelingwithout SOBI, a
subsetof channelg20-30)over the region of interestwere selectedfor dipole fitting with both
methods. To localize eachseparatedcomponentwe chosechannelsover the region of interest
shaving strongerresponse$o the source.For localizationwithout SOBI (the cornventionalprac-
tice) we beganwith the channelselectedor SOBI localization,andthenmodifiedthe selections
to obtaina moredipolar field pattern’ If thesemodificationsimproved the resultsthenwe used
them, otherwisewe usedthe original channelselections. This proceduregave the corventional
practiceanadwantagebecausehe event-triggered-eerageresponsewerecleanelin theseparated
componentshanin theraw data.In fact,theraw datawereoften sonoisythatno channelsould
have beenselectedy following the sameprocedureon theraw data,andthereforeno localization
couldhave beenperformedwithout the channekelectioninformationenabledby SOBI.

To localize a componentwe usedits field mapasinput to the dipole fitting programé One
canselectary time during the averagetime window to fit the dipole becausehe dipole solution
for acomponents invariantto time (seeSec.B.2). Thisindependencef localizationresultsfrom
the dipole fitting time can significantly simplify the dipole localizationprocessmakingit less
subjectve thandipole localizationdirectly from the sensordata,without the useof ICA. Using
the corventionalmethod,the time at which a dipole wasfitted affectsthe final estimateddipole
location.

To localizeneuronakourcesvithout SOBI preprocessingye usedeventtriggeredsensordata
(averageshsinputsto the dipolefitting program.We first chosethe time with the largestevoked
responseamplitudewithin the time window of interest. Thena subsetof channelg20-30)over
theregion of interestwere selected.Whenthe contourmapsweresingle-dipolarfor the selected
channelsat the time chosena single dipole fit wasperformed. Otherwisemultiple dipoleswere
fitted. For detailsof the processseethe xfit manual. In the examplesshown in the figures,all
channelsvereusedin thedipolefitting to shov thatSOBI canidentify dipolarsourcesithoutary
channekelection.

’A field mapis judgeddipolarby visualinspection(Hari andSalmelin,1997).1f it containstwo setsof concentric
contourlines, thefield is consideredlipolar. If it containsmoreor lessthantwo setsthefield is notdipolar.

8Theoretically onesamplingpoint in time acrossall sensorsontainsall informationabouta source. In practice
the Neuromagsoftware needsa time seriesof at leastseveral samples.Therefore we calculatedthe event-triggered
averagefor the componentf interestandmadeaninput .fif file containingthe average.
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3 Results

3.1 SOBI decomposition:time coursesand sensorprojections

Using SOBI, continuousMEG signalsfrom 122 channelswvere separatednto 122 components.
Eachof thesecomponent$iasatime courseandanassociatedensoiprojection. Thetime course
canbe averagedacrosanultiple trials usingeitherthe visual stimulusonsetor the button pressas
atrigger It canalsobe displayedasan MEG image (e.g. Fig. 6, right), a pseudo-colorethitmap
in which theresponsesf a given componenturing an entireexperimentcanbe parsimoniously
displayed(Jungetal., 1999). Typically, eachrow represent®nediscretetrial of stimulationand
multiple trials are orderedvertically from top to bottom. SeeSec.B.3 for detailson the process
of giving sensibleunits to the componentsAs showvn in the overlay plots of the visual stimulus
andbuttonpressriggeredaveragedor all 122 componentgFig. 1cd),only a smallfractionof the
componentshaved taskrelatedresponseskor clarity, thesetaskrelatedcomponentsre shovn
separatelyn Fig. 1a,b.

Thecomponentsanbedisplayedn thesensodomainin field mapsFig. 6, left) or in afullview
graphusingthe Neuromagsoftwarexfit (Fig. 2-5). The sensoiprojectionsor two componentsre
shavn: onefor avisualcomponen{Fig. 2) andthe otherfor a sensory-motocomponen{Fig. 3).
It is clearthatthetwo componentsireprojectedselectvely to sensor®verthevisualandsensory-
motor cortices. For comparisonthe fullview plots of the sensorprojectionfrom the raw data
(mixture of all componentsareshavn in Fig. 4-5.

3.2 Energyin SeparatedComponents

We divided componentsnto the following six cateyories: visual, somatosensoyycularartifacts,
60 Hz, sensoljumps,andother® Visual andsomatosensorgomponentsvereidentifiedby their
clearly visible evoked response# the MEG imagesand by their activation patternsin the field
maps(seefollowing sections). Theseneuronalcomponentsvere further verified by the consis-
tengy betweerntheresponsédateng, shovn in the MEG imagesandthe spatiallocationof sensor
activation,shavn in thefield maps(seesubsequergections).Ocularartifact sourcesvereidenti-
fied by their characteristi@activation patternan the field mapandtheir large amplituderesponses
in the MEG image (Fig. 6a), which matchsignalsmeasuredy EOG (not shavn). The 60 Hz
componentsvere identified by the clearly visible 60 Hz cyclic actvity in the MEG imagesin
Fig. 6b (seealso Tanget al. (2000a)). Sensorjumps componentsvere easily identified by the
single-sensoactivationin thefield mapsandsometimedy high contrastinesor dotsin the MEG
imageqFig. 6¢).

For thesefive typesof identifiedcomponentsye calculatedhe amountof enegy in each(see
AppendixB.4), acrossall subjectsandall tasks,usingawindow of 200 ms after eitherthe visual
stimuluspresentatioror the button presse¥ (seeSec.B.4). This window waschoserto cover all
neuronalresponsesThe amountof enegy in a singlecomponenvariedwidely, between0.17%
and71% of the total enegy acrossall sensors.This rangedifferedamongthe five categoriesof

9Sensojumpsreferto apeculiarpropertyof the SQUID sensorsvhich causeanenormousindnearlyinstantaneous
DC shift. “Other” includesary componentshatdo notbelongto thefirst five categories.
ONote: window specificatiorwill affectthe calculatedenegy.
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Figure 1: Event-triggeredaveragesfor groupsof separateccomponentd N = 90 trials). (a)
Componentshaving visual-stimulus-triggeredesponsedyiggeredon visual stimulusonset.(b)
Componentshawving button-press-triggerecesponsedyiggeredon button presses(c) All com-
ponentstriggeredon visualstimulusonset.(d) All componentstriggeredon buttonpresses.

thecomponentgTablel). Theenegiesin thevisualandsomatosensorygomponentgusingvisual
stimuli andbutton pressesistriggersrespectrely) were10.0+:1.02% (N = 29) and4.65+0.74%
(/V = 10). Usinghuttonpressesistriggers(becausesubjectdendedo blink afterthe buttonpress
responses}heenepy in the ocularartifactcomponentsvere24.86+4.67%(N = 16). Sinceboth
60 Hz signalsandsensojumpswerenottaskrelated the enegy in thesetwo typesof components
werecalculatedisingbothvisualstimulationandbuttonpressesstriggersandthenaveraged.The
total enegy in the 60 Hz sourcesvas10.19+1.73% (/N = 32) andthetotal enegy in the sensor
jump sourcesvas1.72+0.28% (N = 13). The ocularartifactand 60 Hz componentdave the
mostenegy, while theenegy in the neuronalcomponentsepresented0% or lessof thetotal.
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Figure2: Sensormrojectionof componenshaoving selectve sensoractivation over the occipito-
parietalcortex (IV = 90 trials, visualstimulustriggeredaverages) Comparewith unseparatedata
in Fig. 4.

3.3 Localization of separatedcomponents:examples

Using the sensoiprojectionof task-relateccomponent&sinput to standardNeuromagdipole fit-
ting software (xfit), we localizedseparated@omponentsin conventionalsourcelocalizationprac-
tice, very oftenonly 20—30channelsareselectedor sourceocalization.To shav how well SOBI
canisolateone neuronalsourcefrom anotherwithout relying on channelexclusion, throughout



Tangetal Independen€omponentsf MEG: Localization 10

— —
PO L_ L —r—ea—
— —
Al r—m_rves Py P
— —
- — — (-
- ————
—_— —_—  ———— —_—
I — [ — L
L— R N — — L _E‘-, —
| P P
(- - L L ; _ L —— (-
(- —_— A IV 4 N
— — —
L L — — — L— — L
; C — — — — — — Ly R Vet
e AT W —
— (. — — - —
— — n
— A e L [ e [
e e — — e L
— — — -y
— ——r—tast —_— —
(I e wf (I
— — -
— —
e A Ea— — [ S S N -
L L — — L L
— — — — — —
50fT/cm -
200ms —_— S
— . —
—
— e
— —
———— — e
— —
—

Figure 3: Sensorprojection of componentshaving selectve activation over the right fronto-
parietalcortex (N = 90 trials, buttonpresgriggeredaverages) Comparewith unseparatedatain
Fig. 5.

Sec.3.3-3.4,we generatedhefield maps,contourplots,anddipole localizationsfor components
usingall channelsj.e. without channelexclusion. To make the localizationresultscomparable
betweerusing SOBI andwithout usingSOBI, a subsebf 20—30channelsvereselectedn dipole
fitting in Sec.3.5,which providesstatisticalcomparisons.
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Figure4: Visual stimulustriggeredaveragef unseparatedata, N = 90 trials. Aberrantsensors
areshaded.

3.3.1 Visual Component

As the tasksinvolved simultaneousilateral visual stimulationand judgmentof its spatialloca-
tion andidentity, we expectedSOBI to isolatevisual componentsn the occipital, parietal,and
temporallobes. Componentswith visual evoked responsesndeedshaved field map activation
over occipital, parietalandtemporallobes(not shavn). For the particularstimuli usedin these
experimentsfemporalsourcesveremorevariablein their preciselocationandtemporalprofiles.
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Figure5: Buttonpresgriggeredaverage®f unseparatedata,N = 90 trials. Aberrantsensorsre
shaded.

In contrast,occipito-parietalobe activation appearedo have the greatessignalamplitudesand
werereliably identifiedacrosamultiple subjects.Fig. 7left shavs the dipole locationof onesuch
occipito-parietalvisualsourcealongwith its field mapandtime course.



Tangetal Independen€omponentsf MEG: Localization 13

+2671.8

—3627.7

Figure6: Field mapsandunfilteredMEG imagesfor (a) anocularartifactcomponent(b) 60 Hz
componentand(c) sensojump component.

Category Minimum  Maximum

Visual 0.21 24
Somatosensory  0.47 14
OcularArtif act 0.57 72

60Hz 0.26 44

Sensoldump 0.17 12

Tablel: Rangeof enegy accountedor (% of totalenegy acrossll channelspy thefive catgories
of components.
3.3.2 SomatosensoryComponent

As thetasksinvolved button presseswe expectedboth somatosensorgndmotorresponsefrom
the sensoryand motor areas. Fig. 7middle showvs the dipole location of one componenin the
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left hemisphere.Notice that this dipole is nearthe region whereonefinds dipolesfrom median
nerwe stimulation (Hari and Forss,1999; Tescheand Karhu, 1997), and that the mediannene
servicesthe thumh The time courseof the responsesuggestghat this responsas unlikely to
be a responsdrom the motor cortex becausehe actvationsassociatedvith motor preparation
are typically estimatedo be 385+-85 ms beforethe movementonset(Hoshiyamaet al., 1997),
muchearlierthanthelateny shavn here. The motorevoked sensoryresponsewith anestimated
onsettime of approximately20+30 ms after the onsetof movement(Hoshiyamaet al., 1997)
matchedbestto our button-press-elicitedesponsesTherefore this componentorresponds$o a
somatosensorgourceinsteadof a motor source.In contrastto typical fast-risingsomatosensory
responsesecordedusing mediannerne stimulation (Hari and Forss, 1999; Tescheand Karhu,
1997),the slow-rising somatosensorsesponsesecordecherewereelicited by stimulationto the
thumbdueto button pressesThesetemporalprofilesareexpectedto differ, dueto the difference
betweeravery brief andfocal electricshockanda muchlongeranddistributedstimulationto the
thumbandits surroundingareas.

3.3.3 Auditory Component

As thetoneswerepresente@sfeedbackauditoryresponsewereexpectedirom the auditorycor-
tex. In contrasto thetypicalauditoryresponsesecordedduringasimpleauditoryoddballtask,the
auditoryresponseom ourexperimentweremostlik ely to overlapwith andperhapgo beaffected
by bothvisual, motor, andsomatosensorgrocessingAs bothauditoryresponseandsomatosen-
soryresponsesveretriggeredon the button press,auditoryresponseseededo be distinguished
from the somatosensorgources.The spatiallocationof their fitted ECDsin the auditory cortex
andtheir longerresponséatenciesveresuficient to allow the disambiguationFig. 7right shovs
oneunilateralauditorysourcewith slow-rising andlong responsédateng, localizedto thevicinity
of thelateralfissure asexpectedfor auditoryactivation (Cansincetal., 1994).

Therelatively longerresponsdateny (~180ms) may be dueto particularaspect®f thetask
(seeAppendixA). Specifically in orderto processhe auditoryfeedbackthe subjectsmustfirst
switch their attentionfrom the visual to the auditory modality, andthis takestime. Furthermore,
the subjectanustprocessandfurtherinterpretthe auditorystimulusin evaluatingtheir behaioral
responseandregisteringthe correcttarget stimuli into memory This additionalprocessingnay
accountfor the differencein the temporalprofile of the auditory responsesAs the toneswere
bilaterally presentedpne would expectauditory componentswith field mapsshawving bilateral
activation. The auditory componentgecoveredin theseexperiments,however, were unilateral
for two subjectsandbilateralfor the othertwo. This variability acrosssubjectscould be dueto
differencedn cerebraldominanceof auditoryprocessingA differencein the temporalaspeciof
theleft andright auditoryprocessingouldbeexpectedo leadto theidentificationof two separate
left andright components.

In comparisorto visualandsomatosensorgomponentsauditorycomponentsveremuchmore
difficult to identify, perhapsiueto the above describeccompleity andassociatedariability. Al-
thoughin mostcasesauditorycomponentgould be identifiedfrom visual inspectionof the field
map and event-triggeredaveragesthe signal-to-noiseratios were too poor to permit consistent
dipolefitting acrosgasksandacrosssubjects.Therefore thefollowing moredetailedandsystem-
atic analysisof localizationresultswill focuson only visualandsomatosensorgources.
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3.4 Cross-taskand cross-subjectreproducibility in localization of compo-
nents

To shawv how reproduciblethe localizationof componentganbe acrossthe four cognitive tasks,
we examinedseparatedisual componentgrom one subject. Acrosstasks,two occipito-parietal
visual sourceswerereliably localizedwithin the samesubjectfrom two separateddomponents
For bothvisual sourcesthetime courseof theresponses highly repeatabl@acrossmultiple tasks,
asshavnin theoverlayplot (Fig. 8a,b). The earliervisualresponseserealmostidenticalin both
amplitudeandresponsédateny (Fig. 8a),while thelaterresponsesariedonly in amplitudeacross
tasks(Fig. 8b). Giventhe numberof subjectsin this study (four), we do not have the statistical
power to drawv ary conclusionsaboutwhetherthe amplitudeincreasesnonotonicallywith the
compleity of thetask.

Thesevisual componentsdentified from different taskswere localizedto similar locations
within the occipitalandparietallobes,asshavn in Fig. 8c,d,in which fitted dipolesfrom multiple
experimentsaaresuperimposednthesubjects structuraMRI images.Noticethatin thefield map,
theright side of the headis shavn on the right whereasdn the structuralMRI images following
radiologicalcorvention,theright sideis shavn ontheleft.

To shav how reproduciblethe localizationof componentsanbe acrosssubjectswe exam-
inedseparatedomatosensorgomponentgrom threesubjects'! In all threesubjectswe reliably
identifiedtwo componentgleft andright) with buttonpresdockedresponses thesomatosensory
areasFig. 9 shavsthetime coursefield map,contourplot, andfitted dipolefor thesomatosensory
componenti theright hemispheref thethreesubjects Noticethe cross-subjecsimilarity in the
field maps,contourplots,anddipolelocations(somatosensorgortex in the anteriorparietallobe,
post-centrakulcus).

3.5 Detectingexpectedneuronal sourceswith and without SOBI

To offer quantitatve comparisorin therelative performancef sourcelocalizationwith andwith-
out SOBI, we attemptedo identify andlocalizethe mostreliable occipito-parietalisual source,
andboththeleft andright somatosensorgourcesn all subjectsandall tasksfrom separatedom-
ponentsandfrom the unprocessedata. As all four tasksinvolved bilateralpresentatiorof visual
stimuli, we expectedthat at leastonevisual sourcewould be found active in the occipito-parietal
cortex. Similarly, becauseeparatéeft andright button pressesvererequiredby all thetasks,we
alsoexpectedthatat leastoneleft andoneright somatosensorgourcewould be actve. For these
expectedsourceswe attemptedo localize the sourcewith dipole fitting from separated¢ompo-
nentsandfrom the raw sensordata(without SOBI). The percentagef the expectedsourcedor
which dipole solutionscan be found are comparedfor localizationwith and without the aid of
SOBI.

For a componento be consideredh detectableneuronalsource theremustbe an evoked re-
sponsethat clearly deviatesfrom the baselinein the averagedcomponentdata. We rejectedall
componentsvith any ambiguityonthis criterion. Secondlythe componentsnusthave afield map
shaving focal activation of sensorover the relevant brain regions (occipito-parietalcortex and

1Thefourth subjectdid right-handindex-mid finger button pressesvhich differedfrom therestof the subjects.
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Figure8: Cross-taslkconsisteng in the temporalprofile (ab) anddipole location (cd) of two vi-
sualcomponentsOccipital (ac) andoccipito-parietalbd) sourcesanbeidentifiedandlocalized
consistentlyacrosamultiple tasks(overlay). (ab) Visual stimulus-triggeredveragedrom 4 visual
tasks,overlayed(N = 90 trials pertask). (cd) Correspondingingle ECDsfor visual sourcesn
(ab). Notice consisteng of the dipole locationsacross-tasksNotice alsothe temporalprofile of
theearliervisualsource(a) did not differ acrosgasks,but the amplitudeof the latervisual source
(c) wasmodulatedoy thetaskconditions.

anteriorparietalcortex in this study). Thirdly, the contourplot for the componenimustbe dipo-
lar. Finally, thefitted dipole mustbe in the relevant cortical areas.For a sourceto be considered
detectablaisingthe conventionalmethodof localization,onemustfirst identify a sensomat which
thelargestevokedresponseés found. Secondlythe contourplot mustbe dipolar at the peaktime.
Finally, in a few caseswhenmultiple dipole solutionsare neededat leastone of the dipolesis
localizedto the expectedbrainregion.
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3.5.1 Visual sources

Amongall separatedomponentsfor eachsubjectandeachtask,we wereableto identify andlo-
calizeanoccipito-parietaVvisual sourcewith asingledipole (100%detectability).Theseoccipito-
parietalcomponentsvariantlyhadvery focal sensoiprojectiongseefield maps)andthe contour
plotswereinvariably dipolarevenwithout channelselection(for example,seefield mapandcon-
tourplotin Fig. 7a). Singledipoleswerefitted for theseoccipito-parietacomponentsA subsebf
channelovertheoccipito-parietalobe (20—30channelsyvereusedfor the purposeof fair compar
isonwith the corventionalanalysismethodwithout the aid of SOBI. The peakresponséatencies
of thesecomponentg/N = 16) were139.0+-7.6 andthedipole coordinategX,Y,Z) were7.5+2.6,
—49.4+3.2,and68.6+:3.4mm.

Using the corventional methodof sourcelocalizationdirectly from the unseparatedensor
data,dipoleswerefitted usingthe sameor similar subsetof channelsselectedover the occipito-
parietalcortex. In all subjectsandall tasks,the corventionalmethodidentifiedandlocalizedat
leastonevisualsourcen the occipito-parietalobe (100%detectability).Of atotal of 16 expected
sourceg4 tasksby 4 subjectdoy 2 sides),10 couldbefitted with asingledipole,4 werefitted with
two-dipolesolutions,1 wasfitted with a three-dipolesolution,and1 wasfitted with a four-dipole
solution. Whenmultiple dipole solutionswere neededat leastone of themwaslocalizedto the
occipito-parietatortex. This variationin dipole solutionsmay reflectsomeindividual differences
in visual processingpccurringoutsideof the occipito-parietatortex. The peakresponsdatencies
of theseoccipito-parietalvisual sources(N = 16) were 143.6+5.5 andthe dipole coordinates
(X,Y,Z) were4.214+4.8,—55.89%4-2.68,and59.42+3.83mm.

3.5.2 Somatosensorysource

Fromcomponent®f all subjectsaandall taskswith only two failureswe wereableto identify and
localize 22 out of the 24 expectedleft andright somatosensorgourceswith a single dipole (3
subjectdoy 4 tasks).All 22 somatosensorgomponentdiadveryfocal sensoprojectiongseefield
maps)andtheir contourplotswereall highly dipolarevenwithout channekelection(for example,
seefield mapandcontourplot in Fig. 9.) Singledipoleswerefitted to thesecomponentswith a
subsebf channelverthe somatosensorgortex (20-30channelskelectedor the purposeof fair
comparisorwith the corventionalanalysismethod. The peakresponsdatenciesvere 33.3+4.2
and30.8+3.4 msfor theleft (N = 11) andright (N = 11) somatosensorgources.The dipole
coordinategX,Y,Z) were—39.4+2.4,7.8+2.7,and84.6+1.7for theleft and45.69+2.1,5.6+2.2,
and84.14+-3.1for theright somatosensorgources.

Usingthecornventionalmethodof sourcdocalizationdirectlyfrom theunseparategensodata,
dipoleswerefitted usingthe sameor similar subsetf channelsselectedver the somatosensory
cortex. Only 9 out of 24 expectedleft and right somatosensorgourcescould be identifiedand
localizedfollowing the corventionalmethodof identifying a peakresponsén the averagedsensor
data.Of 24 sourcesxpected3 subjectdy 4 tasksby 2 sides),in 7 casesio visible peakresponse
could be identifiedin ary of the sensors. Of the remainingl7 casesin which peakresponses
couldbefoundin atleastonesensoiver the somatosensorgortex, 4 did not have dipolarfields,
and 4 resultedin dipole locationsoutsideof the heador in the auditory cortex. Single dipole
solutionswerefoundin only 9 casesThe peakresponsdatenciesof thesesomatosensorgources
were24.8+2.5for the left hemispherd N = 5) and31.6+1.8 for theright hemispherd N = 4).
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Figure 10: SOBI increasedhe detectabilityof expectedneuronalsourcesor the morevariable
somatosensorgctivation.

The dipole coordinategX,Y,Z) were —43.3+3.9,12.1+5.6,and82.8+ 3.8 for theleft 42.3£5.5,
15.9+2.7and89.9+1.4for theright sources.

3.6 Statistical comparisons

Therewasno significantdifferencein the detectabilityfor the occipito-parietalsourcemeasured
with andwithout SOBI. In contrast SOBI preprocessingesultedn anincreasen thedetectability
of the expectedsomatosensorgourceqChi Squre testp < .0001) (Fig. 10). The peakresponse
latenciedor thevisualandsomatosensorgourceglid notdiffer significantlywhenmeasuredising

andwithout using SOBI. For the visual sourcesthe precisedipole locationsestimatedwith and

without SOBI did not differ in the X andY dimensionsbut nearly differed significantlyin the

Z dimension(p = 0.05). For the somatosensorgourcesthe precisedipole locationsdiffered

significantlyin the Y dimension(p < 0.05) for the left sourceandin Y andZ dimensionsfor

theright source(p < 0.05). As thetrue accurag of sourcelocationscannotbe determinedrom

theseexperimentsvithout a depth-electrodejo quantitatve comparisonganbe madeconcerning
accurag.

4 Discussion

We identified and localizedvisual and somatosensorgourcesactivatedin four subjectsduring
four cognitive tasks.Dueto the relatively large variability involved in highly cognitive tasksand
the small numberof trials collected,thesetaskswere characterizedby relatively poor signal-to-
noiseratiosin the sensodataandthereforewereideal for evaluatingdifferentiallocalizationper
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formance. Our resultsshaved that despitethe large variability associatedvith the visual and
somatosensorgctivationsduringtheseparticulartasks, SOBI wasableto separatédentifiablevi-
sualand somatosensorgomponentshat were further localizedto the expectedcortical regions.
The physiologicalandneuroanatomicahterpretabilityof thesecomponent&crossmultiple sen-
sorymodalitiesandtheir cross-subjecindcross-taskseproducibilityestablisheSOBlasaviable
methodfor separating@ndidentifying neuronapopulationdrom MEG dataduringfairly comple
cognitive tasks.Mostimportantly we shavedthatSOBI preprocessingfferedaspecialadvantage
whenthe evokedresponses the sensoidatahadpoor signal-to-noiseatios. Specifically for the
highly variablesomatosensorgctivation evoked by incidentalstimulationduring button presses,
SOBI preprocessingesultedn a greatempercentagef the expectedsomatosensoryourceseing
identifiedandlocalizedthanthe samedipole modelingmethodapplieddirectly to the raw sensor
data.

4.1 SOBI reducedsubjectivity and labor in sourcelocalization

In corventionalsourcelocalization,therearetwo major sourcesf subjectvity: the selectionof
dipole fitting times, and the selectionof channels. Theseare both eliminatedby our proposed
procedure.First, becauseeachcomponenhasa fixed field map, the dipole fitting solutionsfor
componentsverenot sensitve to eitherthetime at which the dipoleswerefitted nor to the sensor
usedfor determiningthe time of fit (seeSec.B.2). Within this map,eachsensoreadingreflects
only actvationdueto a singlesourcegeneratqgror severaltemporallycoherenigeneratorasop-
posedo activationdueto a combinationof multiple generatorsgeachwith a differenttime course.
Therefore,using SOBI, thereis no needto subjectvely selecta time from a sensorfor dipole
fitting. Secondly simple componentswhich have field activation over early sensoryprocessing
areaswerealmostalwaysdipolarevenwithout channelselection/reductio®? Therefore channel
selectionis not necessary One way to seethe differencebetweendipole localizationwith and
without SOBI processings to view SOBIlasamoreautomaticandmoreobjectve tool thatallows
theisolationof sensorctivationdueto analreadyisolatedfunctionallyindependengeneratarThe
reducedsubjectvity andtime requiredto find dipole solutionscanmake dataanalysisandtraining
of new researcherfor MEG morecost-efective.

4.2 SOBI improved detectability of neuronal sources

The advantagesof ICA algorithmsin generalhave beenshavn in a numberof applicationsto
EEG and MEG data. First, thesealgorithmscan separateneuronalactiity from various arti-
facts(Makeig et al., 1996;Vigario etal., 1998; Tanget al., 2000a;Zieheet al., 2000; Junget al.,
2000a,b) suchaseye blinks. In contrastto methodsthatrely on the useof atemplate,ICA re-
movestheseartifactswithout any prior assumptiongboutthe natureof the waveforms.Secondly
ICA isolategphysiologicallyandbehaiorally meaningfulcomponentshatdescribegoreviously un-
availableaspect®f neuronakctiity (Makeig etal., 1997,1999b;Wubbeleretal., 2000). Finally,

12S0B| alsoseparate@ut mary comple« componentsvhich have multiple patchesor very broadfield activation.
Thesecomponentsnay reflect synchronizedactivation in multiple brain regions. Functionalconnectvity may be
inferredamongthesebrainregions.
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ICA-separatecheuronalsourcesare less contaminatedoy various noise sources,which allows
single-trial responsealetection(Junget al., 1999; Tang et al., 2000b; Carteret al., 2000). ICA
methodshave beenableto distinguishthe absencef rhythmic actiity from the absencef phase
lockedrhythmic actvity (Makeigetal., 1999a).

We have shavn that SOBI separationof the dataresultedin a greaterdetectabilityof so-
matosensorgourcesbut did notincreaseahedetectabilityof visualsourcesThismodality-specific
improvementin sourcedetectabilitydependean the signal-to-noiseatiosin the sensormdata.Be-
causevisual responsesould be clearly identified from the raw sensordataeven without the aid
of SOBI, it would not have beenpossiblefor SOBI to improve the detectionrate. In contrast,
the relatively poor signal-to-noisaatiosin the raw sensordatafor the somatosensorgesponses
causedmnary failuresin identifying a sensorat which a peakresponseccurredandin determin-
ing the peakresponsdime. Underthis poor signal-to-noisecondition,in all but two casesSOBI
preprocessingesultedin separatedomponentswith the characteristidield map, characteristic
temporalresponserofile, andthe correctdipole locationfor a somatosensorgource.Thesefind-
ings suggestnotheradvantagehatICA algorithmscanoffer: improving the ability to detectand
localizeneuronalsourceghatareotherwisedifficult to detector areundetectableinderrelatively
poorsignal-to-noiseonditions.

Thisimprovementhassignificantpracticalimplications.First, brainregionsinvolvedin higher
level cognitive processingendto show greatetrial-to-trial variability in theiractivation,andthere-
fore, have lower signal-to-noiseatiosin the averageresponsesSecondpehaioral tasksthatbear
greaterresemblanceo real world situationstend to involve greatervariability in both stimulus
presentatiomndsubsequenprocessingFinally, studiesof clinical patientsandchildrenareoften
limited by the lengthof the experiment,andtherefore often provide datafrom a limited number
of trials. OurresultssuggesthatlCA mayoffer animprovedcapabilityin detectingandlocalizing
neuronakourceactivationsin thesedifficult situations.

4.3 Assumptionsof SOBI

Here,we discussassumptionsf particularrelevanceto SOBlandMEG, ratherthangeneraissues
in ICA. Like all ICA algorithms,SOBI assumeshatthe mixing processs stable. In the context
of MEG, a stablemixing processcorrespondso assuminghatthe headis motionlessrelative to
the sensors.For this reasonheadstabilizationcan be particularlyimportantin MEG whenICA
is used. SOBI alsoassumeshatthereareat leastasmary sensorassources.For us, this is not
a seriousproblem,asour MEG device has122 sensorsyet we recover only a few dozensources
thatshav task-relatedvoked responsesThe obsenationthatonly a smallnumberof sourcesare
active duringtypical cognitive andsensoryactivationtasksis consistentvith theresultsof studies
usingboth EEG (Makeig et al., 1999b)and MEG Vigario et al. (2000). The crucial assumption
in ICA is thatof independenceFor a thoroughdiscussiorof the independencassumptiorasit
pertaingo MEG, seeVigario etal. (2000).Here,we will discussndependencenly in the context
of the particularmeasuref independencasedby SOBI.

Oneproblemthat EEG and MEG researcherbave with the independencassumptiorarises
from thefactthatif onecomputesorrelationdetweerEEGor MEG sensoreadingver multiple
brainregionsduringbehaioral tasks,onewould find thatsomebrainregionshave non-zeracorre-
lations. A goodexampleof correlatedorainactvity is theapparentlycorrelatedevokedresponses
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from neuronalpopulationsn multiple visual areasalongthe processingpathway during a visual
stimuluspresentation.Basedon suchan obsenation, one could concludethat as the statistical
independencassumedby ICA is clearlyviolated,theresultsof ICA mustnotbetrusted.Yet, we

have shavn that SOBI wasableto separaterisualcomponentshatclearly correspondo neuronal
response$rom early andlater visual processingtageghat are correlateddueto commoninput
(Tangetal.,2000b).Otherg(Makeigetal., 1999b;Vigarioetal.,2000)have producedehaiorally

andneuroplysiologically meaningfulcomponentsindera variety of taskconditions.

As differentlCA algorithmsusetheindependencassumptiordifferently, we offer thefollow-
ing explanationthat appliesspecificallyto SOBI. Oneneeddo recognizethatcorrelationis nota
binary quantity Consequentlyneitheris violation of the independencassumption.The impor
tantquestionis not whetherthe assumptions violated but whetherthe assumptions suficiently
violated suchthat the estimatedheuronalsourcesby SOBI are no longer meaningful. The way
SOBIl usestheindependencassumptions to minimizethetotal correlationscomputedwith a set
of time delaysasdescribedn AppendixB.1. As such,eachdelay-correlatiomatrix R., generally
makesonly a smallcontrikution to the objective function. For example,the correlationonewould
obsenre betweerivV1 andV2 responsesould be high only at or aroundoneparticulartime delay
sayin Rayons. 1N Optimizing its objectve function, SOBI canleave a particularlylarge non-zero
off-diagonalelementsaythe onecorrespondingo the 20 msdelayedcorrelationbetweerivl and
V2, whenminimizingj the sumsquaredff-diagonalelementsacrossall the componentandtime
delays. Therefore this particularmethodof maximizingindependencés not necessarilyncom-
patible with a large correlationat a particulartime delay betweentwo sourcessharingcommon
inputs.

MostICA algorithms,including SOBI, minimize someobjective function. It is possiblefor the
optimizationprocesdo find a poorlocal minimum. In general poorresultscanresultfrom mary
underlyingcausespoor experimentaldesign poorly conductedexperiments poor headstabiliza-
tion, poor optimizationwithin the ICA algorithm, violation of assumptionsetc. No amountof
attentionto ary onepossibleproblemcanvalidatel CA-basedmethodsfor processingunctional
brainimagingdata. As with ary statisticalprocedurethe realissuehereshouldnot be whether
assumptiongreviolatedat all, but whetherthe algorithmscanrobustly produceseparatedtom-
ponentghatarebehaiorally, neuroanatomicallyand physiologically interpretabledespitesome
violation of the assumptionsinderwhich the algorithmswere derived. For example,t-testsare
very robustagainsttheviolation of normalityassumptiorandarethereforeregularly performedon
datawhich arenot guaranteedo be Gaussian.Only empiricalresultscangive confidencehata
methodis correctlyseparatinghe MEG data.

4.4 Summary

Establishinghat(1) SOBI preprocessinganleadto theidentificationandlocalizationof physio-
logically andanatomicallymeaningfulneuronalsourcesand(2) SOBI preprocessinganincrease
the successatein detectingandlocalizing neuronalsourceactivation underpoor signal-to-noise
conditionsis only thefirst stepin demonstratinghe usefulnes®f ICA algorithmsto the analysis
andinterpretationof MEG data. The next stepsinclude systematicallystudyingthe effect of ICA
on sourcelocalizationwhenICA methodsarecombinedwith moresophisticatedourcelocaliza-
tion algorithms(Ribary et al., 1991; Aine et al., 1998; Mosherand Lealy, 1999; Schmidtet al.,
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1999)andexploringthepossibilityof measuringingle-trialrespons@nsetimesin ICA separated
neuronakources.

Acknowledgements

Supportedy theNationalFoundatiorfor FunctionaBrainimagingandNSFCAREERaward(97-

02-311),anequipmengrantfrom Intel corporationthe AlbuquerqueHigh Performance&omput-
ing Center agift from Geoge Cowan,anda gift from the NEC Researchnstitute. We thankOle

Jenserfor tips on packaginghe separatedomponent$or the Neuromagsoftware,Mik e Weisend
for grantingusaccesgo his data,andRobertChristnerfor technicalsupport.We alsothankLloyd

Kaufman,Zhonglin Liu, ClaudiaTesche Cheryl Aine, andRolandLee for their commentsand
discussion.

References

Aine, C.,Huang,M., Stephen).,andChristner R. (2000). Multistart algorithmsfor MEG empir
ical dataanalysisreliably characterizéocationsandtime coursef multiple sourcesNeuoim-
age, 12(2):159-172.

Aine, C. J.,Huang,M., Christner R., Stephen,)., Meyer, J., Silveri, J.,andWeisend M. (1998).

New developmentsn sourcelocalizationalgorithms:Clinical examples.InternationalJournal
of Psytophysiolgy, 30:198.

Amari, S.-I. and Cichocki, A. (1998). Adaptive blind signal processing—neuratetwork ap-
proachesProceeding®f the IEEE, 9.

Bell, A. J.andSejnavski, T. J.(1995). An information-maximizatiorapproacho blind separation
andblind decowolution. Neural Computation7(6):1129-1159.

Belouchrani,A., Meraim, K. A., Cardoso,J.-F, and Moulines, E. (1993). Second-ordeblind
separationof correlatedsources. In Proc. Int. Conf on Digital Sig Proc., pages346-351,
Cyprus.

Cansino S., Williamson, S. J.,andKarron,D. (1994). Tonotopicorganizationof humanauditory
associatiorcortex. Brain Res, 663:38-50.

Cao,J. T., Murata, N., Amari, S., Cichocki, A., Takeda, T., Endo, H., andHarada,N. (2000).
Single-trialmagnetoencephalographdatadecompositiorand localizationbasedon indepen-
dentcomponentanalysisapproachlEICE Transactionn Fundamental®f Electronics,Com-
municationsand ComputerSciencesE83A(9):1757-1766.

Cardoso,J.-F (1994). On the performanceof orthogonalsourceseparatioralgorithms. In Euro-
peanSignalProcessingConfeence pages/76—779 Edinkurgh.

CardosoJ.-F (1998). Blind signal separation:statisticalprinciples. Proceedingsof the IEEE,
9(10):2009-2025.

Cardoso,).-F andSouloumiacA. (1996). Jacobianglesfor simultaneousliagonalization.SIAM
Journal of Matrix Analysisand Applications 17(1).



Tangetal Independen€omponentsf MEG: Localization 25

Carter S.A., Tang,A. C.,PearlmutterB. A., AndersonL. K., Aine, C. J.,andChristnerR. (2000).
Coactvationof visualandauditorypathwaysinduceschangesn thetiming of evokedresponses
in populationsof neuronsanMEG study Societyfor NeuosciencéAbstiacts 26(9197).

Ermer J.J.,Mosher J. C., Huang,M. X., andLealy, R. M. (2000). PairedMEG datasetsource
localizationusing recursvely applied and projected(RAP) MUSIC. I[EEE Transactionson
BiomedicalEngineering47(9):1248-1260.

Geoge, J. S., Aine, C. J., Mosher J. C., Schmidt,D. M., Ranlen,D. M., Schlitt, H. A., Wood,
C.C.,Lewine,J.D., Sanders).A., andBelliveau,J.W. (1995).Mappingfunctionin thehuman
brain with magnetoencephalograpranatomicalmagneticresonancemaging, and functional
magnetiacesonancénaging.J. Clin. Neuiophysiol, 12:406-431.

Hamalainen,M., Hari, R., llmoniemi, R. J., Knuutila, J., and Lounasmaa,O. V. (1993).
Magnetoencephalograph-theory instrumentationand applicationso noninvasie studiesof
theworking humanbrain. Rex. ModernPhysics65:413-497.

Hari, R. andForss,N. (1999). Magnetoencephalographin the study of humansomatosensory
corticalprocessingPhil. Trans.R.Soc.Lond.B, 354:1145-1154.

Hari, R. andSalmelin,R. (1997). Humancortical oscillations:a neuromagnetiiew throughthe
skull. Trendsin Neuioscience20:44-49.

HoshiyamaM., Kakigi, R., Berg, P, Koyama,S., Kitamura, Y., Shimojo,M., WatanabesS., and
NakamuraA. (1997).Identificationof motorandsensonbrainactvitiesduringunilateralfinger
movement:Spatiotemporasourceanalysisof movement-associatadagnetidields. Exp.Brain
Res, 115(1):6-14.

Huang,M. X., Aine, C., Davis, L., Butman,J., Christner R., Weisend,M., StephenJ., Meyer,
J., Silveri, J.,Herman,M., andLee,R. R. (2000). Sourceson the anteriorandposteriorbanks
of thecentralsulcusidentifiedfrom magneticsomatosensorgvokedresponsessingmulti-start
spatio-tempordlocalization.HumanBrain Mapping 11(2):59-76.

Hyvarinen,A. (1999). Surwey on independentomponentnalysis. Neural ComputingSurve's
2:94-128.

Hyvarinen,A. andOja, E. (1997). A fastfixed-pointalgorithmfor independentomponentinaly-
sis. Neural Computation9(7).

Jung,T.-P, Humphries,C., Lee, T.-W., McKeown, M. J., Iragui, V., Makeig, S., and Sejnavski,
T. J. (2000a). Remawring electroencephalographartifactsby blind sourceseparation. Psy-
chophysiolgy, 37:163-178.

Jung,T.-P, Makeig, S.,WesterfieldM., Townsend,J.,Courchesnek..,andSejnavski, T. J.(1999).
Analyzingandvisualizingsingle-trialevent-relategotentials.In Advancesn Neuml Informa-
tion ProcessingSystem4 1, pagesl18-124MIT Press.

Jung, T.-RP, Makeig, S., Westerfield,M., Townsend,J., CourchesneE., and Sejnavski, T. J.
(2000b). Removal of eye actwity artifactsfrom visual event-relatedpotentialsin normaland
clinical subjects.Clinical Neuophysiolay, 111(10):1745-1758.

Kinouchi, Y., Ohara,G., NagashinoH., Soa, T., Shichijo,F., andMatsumoto K. (1996). Dipole



Tangetal Independen€omponentsf MEG: Localization 26

sourcdocalizationof MEG by BP neuralnetworks. Brain Topagr., 8(3):317-321.

Lewine,J.D. andOrrison,ll, W. W. (1995). Magnetoencephalograplandmagneticsourcemag-
ing. In Orrison,Il, W. W., Lewine, J. D., SandersJ. A., andHartshorneM. F., editors,Func-
tional Brain Imaging, pages369—-417Mosby, St. Louis.

Makeig,S.,Bell, A. J.,Jung,T.-P, andSejnavski, T. J.(1996).Independentomponenanalysisof
electroencephalographifata. In Advancesn Neural InformationProcessingSystems, pages
145-151MIT Press.

Makeig, S.,Jung,T. P, Bell, A. J.,GhahremaniD., andSejnavski, T. J.(1997). Blind separation
of auditoryevent-relatedbrain responseto independentomponents.Proc. Natl. Acad.Sci.
USA 94(20):10979-10984.

Makeig, S., TownsendJ.,Jung,T.-P, Enghof, S.,Gibson,C., Sejnwoski, T. J.,andCourchesne,
E. (1999a). Early visual evoked responseeaksapperto be sumsof activity in multiple alpha
sources.Soc.Neulosci.Abstr, 25(652.8).

Makeig, S., WesterfieldM., Jung,T.-P, Covington,J., Townsend,J., Sejnwoski, T. J.,andCourch-
esneE. (1999b).Functionallyindependentomponent®f thelate positive event-relategoten-
tial duringvisualspatialattention.J. Neumwosci, 19(7):2665-2680.

Makeig, S., Westerfield,M., Townsend,J., Jung, T.-R, CourchesneE., and Sejnavski, T. J.
(1999c¢). Functionallyindependentomponent®f the early event-relatedpotentialin a visual
spatialattentiontask. PhilosophicalTransactionsof the Royal Society: Biological Sciences
354:1135-44.

Mosher J.C. andLeaty, R. M. (1998). Recursve music: A framewvork for EEGandMEG source
localization.|IEEE Transactionsn BiomedicalEngineering45(11):1342-1354.

Mosher J. C. andLealy, R. M. (1999). Sourcelocalizationusingrecursvely appliedprojected
(RAP)MUSIC. IEEE Transactionson SignalProcessing47(2):332-340.

Mosher J.C., Lewis, P. S.,andLealy, R. M. (1992). Multiple dipole modelingandlocalization
from spatiotemporallEG data.lEEE Transaction®n BiomedicalEngineering 39(6):541-557.

Nagano,T., Ohno,Y., Uesugi,N., Ikeda,H., IshiyamaA., andKasai,N. (1998). Multi-sourcelo-
calizationby geneticalgorithmusingMEG. IEEE Transaction®©n Magnetics 34(5/pt.1):2976—
2979.

PearimutterB. A. andParra,L. C. (1996). A contet-sensitve generalizatiorof ICA. In Inter-
national Confeenceon Neumal InformationProcessingpagesl51-157HongKong. Springer
Verlag.

Ribary, U., loannidesA. A., Singh,K. D., HassonR., Bolton,J.P. R., Lado,F., Mogilner, A., and
Llinas, R. (1991). Magnetic-fieldtomograply of coherenthalamocorticalO-Hz oscillationsin
humans.Proc. Natl. Acad.Sci.USA 88(24):11037-11041.

Schmidt,D. M., Geoge,J.S.,andWood,C. C. (1999). Bayesiannferenceappliedto the electro-
magnetidnverseproblem.HumanBrain Mapping 7(3):195-212.

Schwartz,D. P, Badiet J.M., Bihoue,P, andBouliou, A. (1999).Evaluationof anew MEG-EEG
spatio-tempordbcalizationapproachusingarealisticsourcemodel. Brain Topagr., 11(4):279—



Tangetal Independen€omponentsf MEG: Localization 27

2809.

Sekihara,K., Nagarajan, S. S., Poeppel,D., Miyauchi, S., Fujimaki, N., Koizumi, H., and
Miyashita,Y. (2000). Estimatingneuralsourcedrom eachtime-frequeng componenbf mag-
netoencephalographaata. IEEE Transaction®n BiomedicalEngineering 47(5):642—653.

SekiharaK., Poeppel,D., Marantz,A., Koizumi, H., and Miyashita, Y. (1997). Noise covari-
anceincorporatedMEG-MUSIC algorithm: A methodfor multiple-dipoleestimationtolerant
of the influenceof backgroundbrain actwity. IEEE Transactionson BiomedicalEngineering
44(9):839-847.

Tang,A. C., PearlmutterB. A., Zibulevsky, M., andCarter S. A. (2000a). Blind separatiorof
multichanneheuromagneticesponsesNeuiocomputing32-33:1115-1120.

Tang,A. C., PearlmutterB. A., Zibulevsky, M., Hely, T. A., andWeisend,M. P. (2000b). An
MEG studyof responséateng andvariability in thehumanvisualsystenduringavisual-motor
integrationtask. In Advancesn Neurl Information ProcessingSystemd 2, pages185-191.
MIT Press.

TescheC. D. andKarhu, J. (1997). Somatosensorgvoked magneticfields arisingfrom sources
in thehumancerebellum Brain Reseath, 744(1):23-31.

Uutela, K., HamalainenM., and Salmelin,R. (1998). Global optimizationin the localizationof
neuromagnetisourceslEEE Transactionon BiomedicalEngineering 45(6):716—723.

Vigario, R., Jousnaki, V., Hamélainen,M., Hari, R.,andOja, E. (1998). Independentomponent
analysisfor identificationof artifactsin magnetoencephalographriecordings.In Advancesn
Neumral InformationProcessingsystem40. MIT Press.

Vigario, R., Sareh, J., Jousnaki, V., Hamalainen,M., and Oja, E. (2000). Independentompo-
nentapproacho the analysisof EEG andMEG recordings.I[EEE Transactionson Biomedical
Engineering47(5):589-593.

Vigario, R., Sareh, J., JousmakiV., andQOja, E. (1999). Independentomponentnalysisin de-
compositionof auditoryandsomatosensorgvokedfields. In Proc. Fir st International Confer
enceon Independen€ComponenfnalysisandBlind Souce Sepaation ICA'99, pagesl67-172,
Aussois France.

Wiubbeler G., Ziehe,A., Mackert, B.-M., Muller, K.-R., Trahms L., andCurio, G. (2000). Inde-
pendentomponenganalysisof non-invasiely recordedcorticalmagneticdDC-fieldsin humans.
IEEE Transactionson BiomedicalEngineering47(5):594-599.

Zibulevsky, M. andPearimutterB. A. (2001).Blind sourceseparatiorby sparsedecompositionn
asignaldictionary Neumal Computation13(4):863—882.

Ziehe,A., Miller, K.-R., Nolte, G., Mackert, B.-M., andCurio, G. (2000). Artif actreductionin
magnetoneurograghbasedon time-delayedsecondordercorrelations. [IEEE Transactionson
BiomedicalEngineering47(1):75-87.



Tangetal Independen€omponentsf MEG: Localization 28

A Experimental details

Continuousl22-channetlatawere collectedduring the entire period of the following four tasks
sampledat 300Hz andband-pas$lteredat0.03—100Hz. A total of four visualreactiontime tasks
wereperformedoy eachsubject.

In all tasks,eachtrial consistef a pair of coloredabstracblock compositionspneof which
was the tamget, presentedsymmetricallyand simultaneouslyon the left and right halves of the
screen.Subjectsvereinstructedto respondasquickly andasaccuratelyaspossiblewith aleft or
right handmousebutton presswhenthe target stimuluswas presentedo the left or right side of
thedisplayscreerrespectiely. The button presselicited anauditoryfeedbackndicatingwhether
acorrector incorrectresponsevasmade.

Stimuli wereeitherpresentedn a 15” VGA computemmonitor at a distanceof 48” andoccu-
pying 7.6° of visualangleor back-projectedy anLCD projectorpositionedso thatthe stimulus
occupiedthe samevisualangle.n all tasksthe interval betweerthe motorresponseandthe next
stimuluspresentatiorwas 3.0+0.5s. Auditory feedbackwascomposedf 2000Hz and 500 Hz
tonesindicatingcorrectandincorrectchoicesrespectrely.

Thefour tasksdifferedfrom eachotherprimarily in their definitionof thetargetstimuluswhich
affectedhow much processingwas requiredfor target determination. The preciseduration of
eachtaskvariedslightly acrosssubjects dependinguponthe subjects reactiontime. Therefore
typical durationsaregivenbelow. Thefirst task(stimuluspre-eposure)consistedf 270trials. It
took the subjectsapproximately30 minutesto performthis task. The otherthreetasks(elemental
discrimination trumpcard,andtrans\ersepatterning)eachconsistedf 90trials thatweresubsets
of the samestimuli containedin the first task. Eachof the thesethreetaskstook approximately
10 minutesto complete.For eachsubject,all four experimentswere performedon the sameday
but eachin a separatesession. Instructionsfor eachexperimentwere given immediatelyprior
to thatexperiment. Subjectswere permittedto move betweenexperiments.Headpositionswere
recalibratedatthe beginningof eachexperiment.Subjectperformedhefour experimentsn order
of increasingaskdemandstimuluspre-exposure frump-cardask,elementatliscriminationtask,
andtrans\ersepatterningask.

A.1 Stimulus pre-exposue task

Therewere no pre-definedrelationshipsbetweenstimuli and button presses.No feedbackwas
given to the subjectsaboutarny choice. The subjectwasinstructedto examineboth stimuli and
thenmake a roughly equalnumberof right andleft button presseswithout consistentlternation
betweerright andleft responsesThesequencef presentationvasrandom.Presentationsf each
stimuli ontheleft andright sidesof the videoscreenverecounterbalanced.

A.2 Trump Card Task

Subjectsvereinstructedo discover by trial anderrorwhich of thetwo stimuli in the stimuluspair
wasthetarget(thetrumpcard). A total of 9 stimuluspairsinvolving 10 stimuli wereused,with a
singlestimulusasthetrumpcard. Subjectgid nothave any problemin discoveringthetrump-card
within afew trials.
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A.3 Elemental Discrimination Task

Subjectsvereinstructedo discorer which oneof the stimuluspair wasthetargetstimulusby trial
anderror A total of threestimuluspairs consistingof six stimuli were used. For eachpair of
stimuli, oneof the pair wasthetarget. This taskdiffers from the trump cardtaskin thatmultiple
targetstimuli wereinvolved. All subjectdoundthetargetswithin afew trials.

A.4 TransversePatterning Task

Subjectswereinstructedto discover which of the two stimuli in a stimuluspair wasthe taget.
Threestimuluspairsconsistingof threestimuluscompositionsvereused.Eachstimuluscouldbe
atargetor non-tagetdependingiponwhatit waspairedwith. Thetargetdefinitionwasa “rock-
paperscissors’arrangementA wins when pairedwith B, B wins when pairedwith C, C wins
whenpairedwith A. Again, subjectswereableto discover the winning relationshipsafter a few
trials.

B Mathematical Methods

B.1 The SOBI Source SeparationAlgorithm

The SOBI algorithmproceedsn two stages.First, the sensorsignalsare zero-meane@nd pre-
spheredasfollows:
y(t) = B (x(t) — (x(1))) (2)

Theanglebraclets(-) denoteanaverageover time, sothe subtractiorguaranteethaty will have
ameanof zero. The matrix B is chosersothatthe correlationmatrix of y, namely(y(¢) y (¢)*),
becomeshe identity matrix. This is accomplishedoy moving to the PCA basisusingB =
diag()\;l/z)UT,where)\i aretheeigervaluesof thecorrelationmatrix ((x(t) — (x(t))) (x(t) — (x(¢)))T)
andU is thematrixwhosecolumnsarethecorrespondingigervectorsj.e. the“PCA components”
of x. (This pre-spherings solely for the purposeof improving the numericsof the situationby
constraininghematrix V below to bearigid rotation.)

For the secondstage,one constructsa setof matriceswhich, in the correctseparatedasis,
shouldbe diagonal. In our case,we chosea setof time-delayvaluesr to computesymmetrized
correlationmatriceshetweerthesignaly(¢) andatemporallyshiftedversionof itself,

R, =sym((y(t) y(t + 7)")) 3)

wheresymM) = (M + M7)/2 is a function that takes an asymmetricmatrix and returnsa
closelyrelatedsymmetricone. This symmetrizatiordiscardssomeinformation, but the problem
is alreadyhighly over-constrainedand the symmetrizedmatricesprovide valid, albeit slightly
wealer, constraintonthesolution.

After calculatingthe R.., we look for a rotation V that jointly diagonalizesall of them by
minimizing Y, Z#j(VTRTV)fj, the sumof the square®f the off-diagonalentriesof the matrix
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productsV R,V via aniterative procesgCardoscand Souloumiac1996)** Thefinal estimate
of the separatiormatrix is W = V1 B, which is usedto calculatethe separateccomponents
S(t) = W x(t).

B.2 SeparatedComponentsin SensorSpace

SinceW is the estimatedunmixingmatrix, let ususes(t) = W x(¢) for the consequengstimated
sourcesand A = W1 for the correspondingstimatedmixing matrix. Using these the sensor
signalsresultingfrom just one of the componentsanbe computedasx(t) = A D W x(t) =
AD s(t), whereD is a matrix of zerosexceptfor oneson the diagonalentriescorrespondindgo
eachcomponentvhichis to beretained.

To localizea singlecomponentpnecomputes

xD(t) = 5;(t) a? (4)

wherea is the ith columnof A andx(t) is the sensorspaceimageof sourcei. Because
x()(t) is ateachpointin time equalto the unchangingrectora”, scaledoy thetime courses;(t),
dipolefitting algorithmswill localizex () to the samelocationno matterwhatwindow in time
is chosen.

B.3 Scaling

Blind sourceseparationeavesthefreedomto chooseanarbitraryscalefactorfor eachcomponent.
For instancethe sources; () couldbe scaledup by afactorof ten,andthei™ columnof A scaled
down by thesamefactorof ten,giving riseto theexactsameobsenationx(t¢). Makingareasonable
assumptiorthatall the sensorshave intrinsic Gaussiamoiseof the samemagnitude we usedthe
additvity of theseindependentensomoiseto scaleeachrow of W to give eachrow a vector
lengthof one.Thatis, if W is theunscaledinmixingmatrix, thenwe normalizedts rowsto yield
‘W using .

wij

>, W

With this scalefactor the sourcescan be viewed as being measuredy a “virtual sensor’that
measuref thesameunits,with the samescale andwith the sameamountof intrinsic noiseasthe
realsensors.

An alternatve approacho scalingis to try to calculatethe actualstrengthof the source for
instancethe actualtotal enegy emitted. This can be done by fitting a physical sourcemodel
(suchasanequvalentcurrentdipole)to eachcomponenandscalingthe rows of W suchthatthe
columnsof A matchthe attenuationpredictedby the estimatedbhysical model. This approach
hasthe disadwantageof beingdependenbn the localizationprocessthusgiving rise to multiple
scalingswhenthereare multiple localizationproceduresn use,or evenwhena singleprocedure
producesmultiple possiblelocalizations. Another disadwantageof this alternatve is a failure to
generatea scalingwhenthelocalizationfails, asit would on noisecomponents.

(5)

wij =

13UsingMATLAB codeavailableat http://sig.enst.frt.cardosol.
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B.4 Energy/ Variance accountedfor

A commonlyusedstatisticis theenegy in asource pr theamountof varianceit accountdor. The
enepy of source; is

B =Y 3 (@0(1) — )2 (6)

wherethe meanis beingsubtractedo discountDC offsets,animportantconsiderationn MEG.
Becauseherows of thematrix W arenormalizedwe cansimplify this expressiorusingEquation
4 yielding

L = Zt:(gi(t) —8)? (7)

whichis computationallynoreefficient. In this paper we gave thefractionof varianceaccounted
by theith componentsE;/ 3, E;.



