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Abstract

Weappliedsecond-orderblind identification(SOBI),anindependentcomponentanalysis(ICA)
method,to MEG datacollectedduring cognitive tasks. We exploredSOBI’s ability to help
isolateunderlyingneuronalsourceswith relatively poorsignal-to-noiseratios,allowing their
identificationandlocalization. We comparelocalizationof the SOBI-separatedcomponents
to localizationfrom unprocessedsensorsignals,using an equivalent currentdipole (ECD)
modelingmethod.For visualandsomatosensorymodalities,SOBI preprocessingresultedin
componentsthat canbe localizedto physiologically andanatomicallymeaningfullocations.
Furthermore,thispreprocessingallowedthedetectionof neuronalsourceactivationsthatwere
otherwiseundetectable.This increasedprobabilityof neuronalsourcedetectionandlocaliza-
tion canbeparticularlybeneficialfor MEG studiesof higherlevel cognitive functions,which
oftenhavegreatersignalvariability anddegradedsignal-to-noiseratiosthansensoryactivation
tasks.

1 Intr oduction

Magnetoencephalography (MEG) is a passive functionalbrain imaging techniquewhich, under
idealconditions,canmonitortheactivationof a neuronalpopulationwith a spatialresolutionof a
few mm andwith millisecondtemporalresolution(Hamalainenet al., 1993;Georgeet al., 1995).
Typicalsignalsassociatedwith neuronalactivity areontheorderof onehundredfT, while thenoise
signalswithin a shieldedroomtendto bemuchlarger(Lewine andOrrison,1995). Furthermore,
the intrinsic sensornoiseis comparablein magnitudeto smallneuronalsignals.Therefore,what
the sensorsrecordduring an experimentis alwaysa mixture of small neuromagneticand large
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noisesignals. This relatively poor signal-to-noiseratio1 can affect the localizationof neuronal
activity.

Several independentcomponentanalysis(ICA) algorithms,suchassecond-orderblind iden-
tification (SOBI) (Belouchraniet al., 1993;Cardoso,1994),Bell andSejnowski (1995)Infomax,
andfICA (HyvärinenandOja, 1997),have beenappliedto EEGdata(Makeig et al., 1996,1997,
1999b;Junget al., 2000a,b)andMEG data(Vigário et al., 1998;Tanget al., 2000a;Vigário et al.,
1999,2000;Wübbeleret al., 2000;Zieheet al., 2000;Caoet al., 2000).In bothapplications,ICA
methodshave provenusefulfor artifactremoval andfor improving thesignal-to-noiseratio (Jung
etal.,2000a,b;Vigárioetal.,1998;Tangetal.,2000a).For generalreviewsof ICA seeAmari and
Cichocki(1998);Cardoso(1998);Hyvärinen(1999);Vigárioetal. (2000).

For MEG, in additionto separatingvariousnoisesignalsfrom theneuromagneticsignals,SOBI
andfICA have beenshown to separateoneneuronalsourcefrom anotherbetweenandwithin the
samemodality (Tanget al., 2000a;Vigário et al., 1999,2000). To localizefunctionally indepen-
dentneuronalsourcesor to simultaneouslylocalizeandrecover thetime courseof theseneuronal
sources,a variety of algorithmshave beenproposed(Mosheret al., 1992;Kinouchi et al., 1996;
Sekiharaet al., 1997;Naganoet al., 1998;MosherandLeahy, 1998;Uutelaet al., 1998;Mosher
and Leahy, 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 algorithmsareexpectedto benefitall sourcelocalizationmeth-
odsby providing themwith input signalsthat aremorelikely to be associatedwith functionally
independentneuronalsources.

It wasfound,however, that thefICA-separatedcomponentsyieldedlocalizationresultsquali-
tatively similar to thosearrivedatwithout ICA preprocessing(Vigárioetal.,1999).Consequently,
no substantialbenefitsfrom ICA werereportedfor neuromagneticsourcelocalization.As oneof
thestrengthsof ICA is its ability to separatenoisefrom thesignalsof interests,whetherICA could
offer any advantagein sourcelocalizationshoulddependon thesignal-to-noiseratio in thesensor
data.Theexperimentreportedby Vigário et al. (1999)wasoptimally designedto producestrong
and focal activation of a small numberof neuromagneticsources,and thereforehigh signal-to-
noiseratios.Undersuchoptimalconditions,ICA couldnot improve muchuponthealreadygood
localizationprovidedby conventionalmethods.

In this paper, we appliedICA to neuromagneticsignalswith relatively poor signal-to-noise
ratioscollectedduring cognitive tasksinvolving large trial-to-trial variability in neuronalsource
activationandfrom a muchlargernumberof sources.We localizedtheseneuronalsourcesusing
the equivalent currentdipole (ECD) modelingmethod(Neuromag)on SOBI-separatedcompo-
nents,andon unprocessedsensordata. We found that SOBI preprocessingresultedin the local-
ization of neuronalsourcesthat could not be found whenthe dipole fitting methodwasdirectly
appliedto the sensordata. In addition,the processof localizing separatedcomponentsrequired
significantlylesssubjective judgmentregardingwhich sensorsto excludefrom theanalysis2 and
at whattime thedipolesarefitted. We suggestthatICA methodscanbeparticularlyeffective and
efficient in thestudyof higherlevel cognitive functionswhentheneuronalsourceactivationsare

1Unlessotherwiseindicated,we usesignal-to-noiseratio in thesensedefinedin signaldetectiontheory. Signals
referto theneuromagneticsignalof interest.Noiserefersto all othersignalsincludingenvironmentalandsensornoise
andotherbackgroundbrainsignals.

2It is acommonpracticeto select20–30sensorsover thebrainregionof interestfor dipolefitting.
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oftencharacterizedby their greaterdegreeof variability andlowersignal-to-noiseratios.

2 Methods

2.1 CognitiveTasks

We collectedMEG datafrom four right-handedsubjects(two femalesandtwo males)duringfour
visualreactiontimetasksoriginally designedto studytemporallobememoryfunctions(Tangetal.,
2000b).Thesetasksaredescribedin detail in AppendixA. Here,we offer a brief description.In
eachtask,a pair of coloredpatterns,oneof which wasthe target, waspresentedon the left and
right halves of the display screen. The subjectwas instructedto presseither the left or right
button whenthe target appearedon the left or right, respectively. In all tasks,the target wasnot
describedto thesubjectprior to theexperiment.Thesubjectwasto discover thetargetby trial and
errorusingauditoryfeedback(low andhightonescorrespondedto correctandincorrectresponses,
respectively). All subjectswereableto discover therulewithin a few trials.

Thetasksdifferedin thememoryloadrequiredfor determiningwhich of thepair is thetarget.
Taskoneservedto familiarizethesubjectswith all visualpatterns.Thesubjectssimplyviewedthe
stimuli andwereaskedto presseithertheleft or right buttonat theirown choicewhile makingsure
approximatelyequalnumbersof left andright buttonpresseswereperformed.As such,taskone
placedlittle memorydemandonthesubject.Tasktwo involvedrememberingasingletargetpattern
which appearedon eachtrial pairedwith anotherpattern.Subjectspressedtheright or left button
to indicatewhetherthetargetpatternwasontheleft or theright. Taskthreeinvolvedremembering
multiple targets,eachalwayspairedwith thesamenon-target.Taskfour wasthemostcomplex. In
taskfour, targetswerecontext sensitive in a circular fashion,asin thegamerock-paper-scissors.
Theamountof cognitive processingbeyond the initial sensoryprocessingincreasedsuccessively
from taskoneto taskfour.

We useddatafrom thesecomplex cognitive tasksto evaluatethecapabilityof SOBI (seeAp-
pendixB.1) becauseof therelatively poorsignal-to-noiseratiosinvolvedin comparisonto sensory
activation tasks. Specifically, thesetasksinvolved (1) large visual field stimulationwithout the
useof fixationpoints,(2) incidentalsomatosensorystimulationasaresultof buttonpressesduring
reactiontime tasks,and(3) highly variablebutton pressresponsesbecausepreciselywhat form
of the thumbmovementshouldbe,how the mousewasheld,andwherethe handsrestwerenot
specified. Thesesourcesof variability in visual andsomatosensoryactivation can lead to poor
signal-to-noiseratiosin theaverageresponses,makingit particularlydifficult to localizetheneu-
ronalsourcesfrom unprocessedaveragedsensordata. The involvementof higherlevel cognitive
functions,memorydemands,and the small numberof trials (90 in mostcases)collectedunder
eachtaskcondition,furtherdecreasedthesignal-to-noiseratiosin theaveragedsensordata.These
tasksthereforeofferedasetof challengingdatasetsin whichtheadvantagesof ICA methodscould
berevealed.

2.2 Selectionof ICA Methods

In selectionof ICA algorithms,oneimportantconsiderationis the robustnessof thealgorithmto
sensornoise. Instantaneousand summaryalgorithmsare two extremesof ICA algorithmsthat
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differ in whethereachpoint in time is consideredin isolation. Instantaneousalgorithms,such
asBell-Sejnowski Infomax (1995)and fICA (HyvärinenandOja, 1997),make repeatedpasses
throughthe datasetandupdatethe unmixing matrix in responseto the dataat eachtime point.
They arederivedundertheassumptionthatthesignalsarewhite,andtheir resultsshouldtherefore
be invariantto shuffling of thedata.As a consequenceof this, they cannottake advantageof the
temporalstructureof eachsourceasa cuefor correctseparation.In contrast,summaryalgorithms
first make a passthroughthe datawhile summarystatisticsareaccumulatedby averaging;they
then operatesolely upon the summarystatisticsto find the separationmatrix. Somesummary
algorithmscollect statisticthat allow themto make useof the temporalstructureof the sources
asa cue for separation.More importantly, summaryalgorithmsshouldin generalbe relatively
insensitive to sensornoise,becausetheir summarystatisticsareaveragesover time. Therelatively
poorsignal-to-noiseratiosin MEG datasuggestedthechoiceof a summaryalgorithmratherthan
aninstantaneousalgorithm.

Whenit canbeassumedthateachsourcehasa broadautocorrelationfunction,asis thecase
with brain signals,the summaryalgorithmSOBI (Belouchraniet al., 1993;Cardoso,1994)can
usethis temporalstructureasacueandgivehighqualityseparationwhile imposingrathermodest
computationalrequirements.SOBI extractsa largesetof statisticsfrom thedataset,which it uses
for the separation.Eachof thesestatisticsis calculatedby averagingacrossthe dataset,which
makesthealgorithmrobustagainstnoise. Theparticularstatisticscalculatedarethecorrelations
betweenpairsof sensorsat a fixeddelay,

�
	���

����	���
����������
. This makesgooduseof abundantbut

noisydata,andmostimportantly, SOBIcanbetunedby modifying its setof delays(seeAppendix
B), allowing its usersto gentlyintegrateaveryweakform of prior knowledge,namelyknowledge
of thelengthconstantof theautocorrelationfunction.AlthoughBell-Sejnowski InfomaxandfICA
havebeenpreviouslyappliedto MEG andEEGdata,andotherICA algorithms,suchasContextual
ICA (PearlmutterandParra,1996)andSparseDecomposition(Zibulevsky andPearlmutter,2001),
arelocally available,weselectedSOBIasour ICA methodbasedontheabovepropertiesof SOBI.
However, wehavenot conductedasystematiccomparisonof ICA methodsfor ourMEG data.

2.3 Second-OrderBlind Identification

SOBI is consideredblind as it makesno assumptionsaboutthe form of the mixing process.In
otherwords,SOBIdoesnot attemptto solvethe inverseproblemor usethe physicsof the situa-
tion in any way. It doesnot try to estimatecurrents,or know aboutMaxwell’s equationor any
of its consequences.The only physical assumptionmadeaboutthe mixing processis that it is
instantaneousandlinear.

Let � 
���� bean � -dimensionalvectorof sensorsignals,whichweassumeto beaninstantaneous
linear mixture of � unknown independentunderlyingsources� � 
���� , via the unknown stationary�! "� mixing matrix # , � 
�����$ #&% 
���� (1)

TheICA problemis to recover % 

��� , giventhemeasurements� 
���� andnothingelse.This is accom-
plishedby findingamatrix ' whichapproximates#)(+* , upto permutationandscalingof its rows.
SOBIassumesthatthesourcesarestatisticallyindependentin time,andnotnecessarilyorthogonal
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in space.It finds ' by minimizing thecorrelation3 betweenonerecoveredsourceat time
�

and
anotherat time

�,�-�
.

Theparticularsetof delays
�

weusedwerechosento coverareasonablywide interval without
extendingbeyondthesupportof theautocorrelationfunction.Measuredin unitsof samples,atour
300Hz samplingrate,thedelays4 were�/.�02143657368934:934;934<936=736>736?7316@9371�57391�:73916<9371�>7359@9345�;7368�@73689;934:�@736:9;936;9@934;�;73<9@934<�;736=�@736=9;934>�@736>9;936?9@934?�;73916@�@BA9C

Eachrecovered � ��

��� alsohasa sensorspaceprojectionthatgivesthesensorreadingsof � ��
����
(seeSec.B.2). This sensorprojectioncanbe displayedasa field map,andcanbe usedasinput
to sourcelocalizationalgorithms. For example,after calculatingits sensorprojection,we can
repackageacomponentfor localizationby Neuromagdipolemodelingtools.

SOBI sharesa numberof weaknesseswith all ICA methods:they all assumethat thereareas
many sensorsassources;they all make somesort of independenceassumption;they all assume
thatthemixing processis linear;andthey all assumethatthemixing processis stable.SeeSection
4.3for furtherdiscussion.

2.4 Localization of SeparatedComponents

SOBI wasperformedon continuous5 122-channeldatacollectedduring the entireperiodof the
experiment,sampledat 300Hz, andband-passfilteredat 0.03–100Hz. It generated122compo-
nents,6 eachaone-dimensionaltimeserieswith anassociatedfield map(seeAppendixB.2). Each
componentpotentiallycorrespondsto asetof magneticfield generators.

Event triggeredaverageswerecalculatedfrom their continuoussingle-trialtime seriesfor all
122separatedcomponents,wherethe triggeringeventswereeithersensorystimuli or behavioral
responses.For thespecifictasksusedhere,thereweretypically 10–20componentsin eachexper-
imentwhich showedresponseslockedto eitherstimuli or to buttonpresses.Thosewith stimulus-
or motor-lockedresponseswerecandidateneuronalgenerators,sincethey showedtaskrelatedac-
tivation.Thosewith responseslockedontootherexternalevents,suchaseye blinks or heartbeats
(detectedusingEOGandEKG), wereconsideredknown noisesources.Therestweretreatedas
non-task-relatednoisesources.

For a task relatedcomponent,if its field map and time coursewere consistentwith known
neurophysiologicalandneuroanatomicalfacts,we consideredit a neuronalcomponentreflecting
theactivity of aneuronalgenerator. For example,if thefield mapof acomponentshowsactivation

3For justificationfor this minimization,seeDiscussion.
4The choiceof delayscanaffect the resultsof separation.Dependingon the typesof sourcesactivatedby the

behavioral task,theselectionof delayscanhavecomplex interactionswith thelatency of evokedresponses.This is an
importanttopicanddeservesaseparatestudy.

5Note that ICA algorithmscanalsobe appliedto cross-trialaveragesratherthancontinuousdata,asin Makeig
etal. (1999c).

6ICA algorithmsproducethesamenumberof componentsastherearechannelsin their input.
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over theoccipitalcortex andthevisualstimulustriggeredaveragefor this componentcontainsan
evoked responsethat peaksbetween50–100ms,then it is consideredto reflect the activity of a
visual sourcein the occipital lobe. Using this procedure,neuronalandnon-neuronalgenerators
wereseparatedandidentified(Tanget al., 2000a,b).A dipolefitting methodwasthenappliedto
theidentifiedneuronalcomponents.Theinput to thedipolefitting algorithm(Neuromag,xfit, least
square)wasthe field map,andthe outputwasthe locationof ECDsprojectedonto the subject’s
structuralMRI images.

This samedipole fitting algorithmwasusedfor localizationwith andwithout SOBI prepro-
cessing.Becauseour goalwasto evaluatewhetherICA methodscanimprove sourcelocalization,
we werenot concernedwith whetherthe leastsquaredipole fitting wasasgoodasmorerecent
moresophisticatedsourcemodelingmethods.Our interestwasnot in localizationaccuracy perse,
but in thecomparativeperformanceof a given localizationmethodwhenusedalone,asopposed
to beingcoupledwith ICA.

In statisticalcomparison,to matchthecommonpracticein sourcemodelingwithout SOBI, a
subsetof channels(20–30)over the region of interestwereselectedfor dipole fitting with both
methods.To localizeeachseparatedcomponent,we chosechannelsover the region of interest
showing strongerresponsesto thesource.For localizationwithout SOBI (theconventionalprac-
tice) we beganwith thechannelsselectedfor SOBI localization,andthenmodifiedtheselections
to obtaina moredipolar field pattern.7 If thesemodificationsimproved the resultsthenwe used
them,otherwisewe usedthe original channelselections.This proceduregave the conventional
practiceanadvantagebecausetheevent-triggered-averageresponseswerecleanerin theseparated
componentsthanin theraw data.In fact,theraw datawereoftensonoisythatno channelscould
havebeenselectedby following thesameprocedureon theraw data,andthereforeno localization
couldhavebeenperformedwithout thechannelselectioninformationenabledby SOBI.

To localizea component,we usedits field mapasinput to the dipole fitting program.8 One
canselectany time during the averagetime window to fit the dipole becausethe dipole solution
for acomponentis invariantto time (seeSec.B.2). This independenceof localizationresultsfrom
the dipole fitting time can significantly simplify the dipole localizationprocess,making it less
subjective thandipole localizationdirectly from the sensordata,without the useof ICA. Using
the conventionalmethod,the time at which a dipole wasfitted affectsthe final estimateddipole
location.

To localizeneuronalsourceswithoutSOBIpreprocessing,weusedeventtriggeredsensordata
(averages)asinputsto thedipolefitting program.We first chosethetime with the largestevoked
responseamplitudewithin the time window of interest. Thena subsetof channels(20–30)over
the region of interestwereselected.Whenthecontourmapsweresingle-dipolarfor theselected
channelsat the time chosen,a singledipole fit wasperformed.Otherwisemultiple dipoleswere
fitted. For detailsof the process,seethe xfit manual. In the examplesshown in the figures,all
channelswereusedin thedipolefitting to show thatSOBIcanidentify dipolarsourceswithoutany
channelselection.

7A field mapis judgeddipolarby visualinspection(Hari andSalmelin,1997).If it containstwo setsof concentric
contourlines,thefield is considereddipolar. If it containsmoreor lessthantwo sets,thefield is notdipolar.

8Theoretically, onesamplingpoint in time acrossall sensorscontainsall informationabouta source.In practice
theNeuromagsoftwareneedsa time seriesof at leastseveral samples.Therefore,we calculatedtheevent-triggered
averagefor thecomponentof interestandmadeaninput .fif file containingtheaverage.
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3 Results

3.1 SOBI decomposition:time coursesand sensorprojections

Using SOBI, continuousMEG signalsfrom 122 channelswereseparatedinto 122 components.
Eachof thesecomponentshasa time courseandanassociatedsensorprojection.Thetime course
canbeaveragedacrossmultiple trials usingeitherthevisualstimulusonsetor thebuttonpressas
a trigger. It canalsobedisplayedasanMEG image (e.g. Fig. 6, right), a pseudo-coloredbitmap
in which theresponsesof a givencomponentduringanentireexperimentcanbeparsimoniously
displayed(Junget al., 1999). Typically, eachrow representsonediscretetrial of stimulationand
multiple trials areorderedvertically from top to bottom. SeeSec.B.3 for detailson the process
of giving sensibleunits to thecomponents.As shown in theoverlay plots of thevisual stimulus
andbuttonpresstriggeredaveragesfor all 122components(Fig. 1cd),only a smallfractionof the
componentsshowedtaskrelatedresponses.For clarity, thesetaskrelatedcomponentsareshown
separatelyin Fig. 1a,b.

Thecomponentscanbedisplayedin thesensordomainin field mapsFig.6, left) or in afullview
graphusingtheNeuromagsoftwarexfit (Fig. 2–5).Thesensorprojectionsfor two componentsare
shown: onefor a visualcomponent(Fig. 2) andtheotherfor a sensory-motorcomponent(Fig. 3).
It is clearthatthetwo componentsareprojectedselectively to sensorsover thevisualandsensory-
motor cortices. For comparison,the fullview plots of the sensorprojectionfrom the raw data
(mixtureof all components)areshown in Fig. 4–5.

3.2 Energy in SeparatedComponents

We dividedcomponentsinto thefollowing six categories:visual,somatosensory, ocularartifacts,
60 Hz, sensorjumps,andother.9 Visualandsomatosensorycomponentswereidentifiedby their
clearly visible evoked responsesin the MEG imagesandby their activation patternsin the field
maps(seefollowing sections).Theseneuronalcomponentswerefurther verified by the consis-
tency betweentheresponselatency, shown in theMEG images,andthespatiallocationof sensor
activation,shown in thefield maps(seesubsequentsections).Ocularartifactsourceswereidenti-
fied by their characteristicactivationpatternsin thefield mapandtheir largeamplituderesponses
in the MEG image(Fig. 6a), which matchsignalsmeasuredby EOG (not shown). The 60 Hz
componentswere identified by the clearly visible 60 Hz cyclic activity in the MEG imagesin
Fig. 6b (seealsoTanget al. (2000a)). Sensorjumps componentswereeasily identifiedby the
single-sensoractivationin thefield mapsandsometimesby highcontrastlinesor dotsin theMEG
images(Fig. 6c).

For thesefive typesof identifiedcomponents,we calculatedtheamountof energy in each(see
AppendixB.4), acrossall subjectsandall tasks,usinga window of 200msaftereitherthevisual
stimuluspresentationor thebuttonpresses10 (seeSec.B.4). This window waschosento cover all
neuronalresponses.Theamountof energy in a singlecomponentvariedwidely, between0.17%
and71% of the total energy acrossall sensors.This rangedifferedamongthe five categoriesof

9Sensorjumpsrefertoapeculiarpropertyof theSQUID sensorswhichcauseanenormousandnearlyinstantaneous
DC shift. “Other” includesany componentsthatdonotbelongto thefirst five categories.

10Note: window specificationwill affect thecalculatedenergy.
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Figure 1: Event-triggeredaveragesfor groupsof separatedcomponents( E $ ?9@
trials). (a)

Componentsshowing visual-stimulus-triggeredresponses,triggeredon visualstimulusonset.(b)
Componentsshowing button-press-triggeredresponses,triggeredon buttonpresses.(c) All com-
ponents,triggeredonvisualstimulusonset.(d) All components,triggeredonbuttonpresses.

thecomponents(Table1). Theenergiesin thevisualandsomatosensorycomponents(usingvisual
stimuli andbuttonpressesastriggersrespectively) were10.0F 1.02%( E $&59?

) and4.65F 0.74%
( E $G16@

). Usingbuttonpressesastriggers(becausesubjectstendedto blink afterthebuttonpress
responses),theenergy in theocularartifactcomponentswere24.86F 4.67%( E $G1�<

). Sinceboth
60Hz signalsandsensorjumpswerenot taskrelated,theenergy in thesetwo typesof components
werecalculatedusingbothvisualstimulationandbuttonpressesastriggersandthenaveraged.The
total energy in the60 Hz sourceswas10.19F 1.73%( E $H895

) andthe total energy in thesensor
jump sourceswas1.72F 0.28%( E $ 168

). The ocularartifact and60 Hz componentshave the
mostenergy, while theenergy in theneuronalcomponentsrepresented10%or lessof thetotal.
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20fT/cm
200ms

Figure2: Sensorprojectionof componentshowing selective sensoractivation over the occipito-
parietalcortex ( E $I?9@

trials,visualstimulustriggeredaverages).Comparewith unseparateddata
in Fig. 4.

3.3 Localization of separatedcomponents:examples

Usingthesensorprojectionof task-relatedcomponentsasinput to standardNeuromagdipolefit-
ting software(xfit), we localizedseparatedcomponents.In conventionalsourcelocalizationprac-
tice,very oftenonly 20–30channelsareselectedfor sourcelocalization.To show how well SOBI
can isolateoneneuronalsourcefrom anotherwithout relying on channelexclusion, throughout
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50fT/cm
200ms

Figure 3: Sensorprojection of componentshowing selective activation over the right fronto-
parietalcortex ( E $I?9@

trials,buttonpresstriggeredaverages).Comparewith unseparateddatain
Fig. 5.

Sec.3.3–3.4,we generatedthefield maps,contourplots,anddipolelocalizationsfor components
usingall channels,i.e. without channelexclusion. To make the localizationresultscomparable
betweenusingSOBI andwithout usingSOBI,a subsetof 20–30channelswereselectedin dipole
fitting in Sec.3.5,whichprovidesstatisticalcomparisons.
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100fT/cm
200ms

Figure4: Visualstimulustriggeredaveragesof unseparateddata,E $J?9@
trials. Aberrantsensors

areshaded.

3.3.1 Visual Component

As the tasksinvolved simultaneousbilateralvisual stimulationandjudgmentof its spatialloca-
tion and identity, we expectedSOBI to isolatevisual componentsin the occipital, parietal,and
temporallobes. Componentswith visual evoked responsesindeedshowed field mapactivation
over occipital, parietalandtemporallobes(not shown). For the particularstimuli usedin these
experiments,temporalsourcesweremorevariablein their preciselocationandtemporalprofiles.
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100fT/cm
100ms

Figure5: Buttonpresstriggeredaveragesof unseparateddata,E $I?9@
trials. Aberrantsensorsare

shaded.

In contrast,occipito-parietallobe activation appearedto have the greatestsignalamplitudesand
werereliably identifiedacrossmultiple subjects.Fig. 7left shows thedipole locationof onesuch
occipito-parietalvisualsourcealongwith its field mapandtime course.
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(a)

100ms

equiv
fT/cmK
1077.7

K
352.8

(b)

100ms

equiv
fT/cmL 591.4

L 1056.2

(c)

100ms

equiv
fT/cmK
2671.8

L 3627.7

Figure6: Field mapsandunfilteredMEG imagesfor (a) anocularartifactcomponent,(b) 60 Hz
component,and(c) sensorjumpcomponent.

Category Minimum Maximum

Visual 0.21 24
Somatosensory 0.47 14
OcularArtif act 0.57 72

60Hz 0.26 44
SensorJump 0.17 12

Table1: Rangeof energyaccountedfor (%of totalenergyacrossall channels)by thefivecategories
of components.

3.3.2 SomatosensoryComponent

As thetasksinvolvedbuttonpresses,we expectedbothsomatosensoryandmotorresponsesfrom
the sensoryandmotor areas. Fig. 7middle shows the dipole locationof onecomponentin the
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left hemisphere.Notice that this dipole is nearthe region whereonefinds dipolesfrom median
nerve stimulation(Hari and Forss,1999; Tescheand Karhu, 1997), and that the mediannerve
servicesthe thumb. The time courseof the responsesuggeststhat this responseis unlikely to
be a responsefrom the motor cortex becausethe activationsassociatedwith motor preparation
are typically estimatedto be 385F 85 ms beforethe movementonset(Hoshiyamaet al., 1997),
muchearlierthanthelatency shown here.Themotor-evokedsensoryresponseswith anestimated
onsettime of approximately20F 30 ms after the onsetof movement(Hoshiyamaet al., 1997)
matchedbestto our button-press-elicitedresponses.Therefore,this componentcorrespondsto a
somatosensorysourceinsteadof a motorsource.In contrastto typical fast-risingsomatosensory
responsesrecordedusing mediannerve stimulation(Hari and Forss,1999; Tescheand Karhu,
1997),theslow-rising somatosensoryresponsesrecordedherewereelicitedby stimulationto the
thumbdueto buttonpresses.Thesetemporalprofilesareexpectedto differ, dueto thedifference
betweena very brief andfocal electricshockanda muchlongeranddistributedstimulationto the
thumbandits surroundingareas.

3.3.3 Auditory Component

As thetoneswerepresentedasfeedback,auditoryresponseswereexpectedfrom theauditorycor-
tex. In contrastto thetypicalauditoryresponsesrecordedduringasimpleauditoryoddballtask,the
auditoryresponsesfrom ourexperimentweremostlikely to overlapwith andperhapsto beaffected
by bothvisual,motor, andsomatosensoryprocessing.As bothauditoryresponsesandsomatosen-
sory responsesweretriggeredon thebuttonpress,auditoryresponsesneededto bedistinguished
from thesomatosensorysources.Thespatiallocationof their fitted ECDsin theauditorycortex
andtheir longerresponselatenciesweresufficient to allow thedisambiguation.Fig. 7right shows
oneunilateralauditorysource,with slow-risingandlongresponselatency, localizedto thevicinity
of thelateralfissure,asexpectedfor auditoryactivation(Cansinoetal., 1994).

Therelatively longerresponselatency ( S 180ms)maybedueto particularaspectsof thetask
(seeAppendixA). Specifically, in orderto processthe auditoryfeedbackthe subjectsmustfirst
switch their attentionfrom thevisual to theauditorymodality, andthis takestime. Furthermore,
thesubjectsmustprocessandfurtherinterprettheauditorystimulusin evaluatingtheir behavioral
responseandregisteringthe correcttarget stimuli into memory. This additionalprocessingmay
accountfor the differencein the temporalprofile of the auditory responses.As the toneswere
bilaterally presented,onewould expectauditorycomponentswith field mapsshowing bilateral
activation. The auditory componentsrecoveredin theseexperiments,however, were unilateral
for two subjectsandbilateral for the othertwo. This variability acrosssubjectscould be dueto
differencesin cerebraldominanceof auditoryprocessing.A differencein the temporalaspectof
theleft andright auditoryprocessingcouldbeexpectedto leadto theidentificationof two separate
left andright components.

In comparisonto visualandsomatosensorycomponents,auditorycomponentsweremuchmore
difficult to identify, perhapsdueto theabove describedcomplexity andassociatedvariability. Al-
thoughin mostcasesauditorycomponentscouldbe identifiedfrom visual inspectionof thefield
mapandevent-triggeredaverages,the signal-to-noiseratioswere too poor to permit consistent
dipolefitting acrosstasksandacrosssubjects.Therefore,thefollowing moredetailedandsystem-
aticanalysisof localizationresultswill focusononly visualandsomatosensorysources.



Tangetal IndependentComponentsof MEG: Localization 16

3.4 Cross-taskand cross-subjectreproducibility in localization of compo-
nents

To show how reproduciblethe localizationof componentscanbeacrossthe four cognitive tasks,
we examinedseparatedvisual componentsfrom onesubject.Acrosstasks,two occipito-parietal
visual sourceswerereliably localizedwithin the samesubjectfrom two separatedcomponents.
For bothvisualsources,thetime courseof theresponseis highly repeatableacrossmultiple tasks,
asshown in theoverlayplot (Fig. 8a,b).Theearliervisualresponseswerealmostidenticalin both
amplitudeandresponselatency (Fig. 8a),while thelaterresponsesvariedonly in amplitudeacross
tasks(Fig. 8b). Given the numberof subjectsin this study(four), we do not have the statistical
power to draw any conclusionsaboutwhetherthe amplitudeincreasesmonotonicallywith the
complexity of thetask.

Thesevisual componentsidentified from different taskswere localizedto similar locations
within theoccipitalandparietallobes,asshown in Fig. 8c,d,in whichfitteddipolesfrom multiple
experimentsaresuperimposedonthesubject’sstructuralMRI images.Noticethatin thefield map,
the right sideof theheadis shown on the right whereasin thestructuralMRI images,following
radiologicalconvention,theright sideis shown on theleft.

To show how reproduciblethe localizationof componentscanbe acrosssubjects,we exam-
inedseparatedsomatosensorycomponentsfrom threesubjects.11 In all threesubjects,we reliably
identifiedtwo components(left andright) with buttonpresslockedresponsesin thesomatosensory
areas.Fig.9 showsthetimecourse,field map,contourplot, andfitteddipolefor thesomatosensory
componentsin theright hemisphereof thethreesubjects.Noticethecross-subjectsimilarity in the
field maps,contourplots,anddipolelocations(somatosensorycortex in theanteriorparietallobe,
post-centralsulcus).

3.5 Detectingexpectedneuronal sourceswith and without SOBI

To offer quantitative comparisonin therelative performanceof sourcelocalizationwith andwith-
out SOBI, we attemptedto identify andlocalizethemostreliableoccipito-parietalvisualsource,
andboththeleft andright somatosensorysourcesin all subjectsandall tasksfrom separatedcom-
ponentsandfrom theunprocesseddata.As all four tasksinvolvedbilateralpresentationof visual
stimuli, we expectedthatat leastonevisualsourcewould befoundactive in theoccipito-parietal
cortex. Similarly, becauseseparateleft andright buttonpresseswererequiredby all thetasks,we
alsoexpectedthatat leastoneleft andoneright somatosensorysourcewould beactive. For these
expectedsources,we attemptedto localizethe sourcewith dipole fitting from separatedcompo-
nentsandfrom the raw sensordata(without SOBI). The percentageof the expectedsourcesfor
which dipole solutionscanbe found arecomparedfor localizationwith andwithout the aid of
SOBI.

For a componentto be considereda detectableneuronalsource,theremustbe an evoked re-
sponsethat clearly deviatesfrom the baselinein the averagedcomponentdata. We rejectedall
componentswith any ambiguityonthiscriterion.Secondly, thecomponentsmusthaveafield map
showing focal activation of sensorsover the relevant brain regions(occipito-parietalcortex and

11Thefourthsubjectdid right-handindex-mid fingerbuttonpresseswhichdifferedfrom therestof thesubjects.
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Figure8: Cross-taskconsistency in the temporalprofile (ab) anddipole location(cd) of two vi-
sualcomponents.Occipital(ac) andoccipito-parietal(bd) sourcescanbeidentifiedandlocalized
consistentlyacrossmultiple tasks(overlay). (ab) Visualstimulus-triggeredaveragesfrom 4 visual
tasks,overlayed( E $T?9@

trials per task). (cd) CorrespondingsingleECDsfor visual sourcesin
(ab). Noticeconsistency of thedipole locationsacross-tasks.Noticealsothe temporalprofile of
theearliervisualsource(a) did not differ acrosstasks,but theamplitudeof thelatervisualsource
(c) wasmodulatedby thetaskconditions.

anteriorparietalcortex in this study). Thirdly, thecontourplot for thecomponentmustbedipo-
lar. Finally, thefitted dipolemustbe in therelevantcorticalareas.For a sourceto beconsidered
detectableusingtheconventionalmethodof localization,onemustfirst identify a sensorat which
thelargestevokedresponseis found. Secondly, thecontourplot mustbedipolarat thepeaktime.
Finally, in a few caseswhenmultiple dipole solutionsareneeded,at leastoneof the dipolesis
localizedto theexpectedbrainregion.
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3.5.1 Visual sources

Amongall separatedcomponents,for eachsubjectandeachtask,we wereableto identify andlo-
calizeanoccipito-parietalvisualsourcewith asingledipole(100%detectability).Theseoccipito-
parietalcomponentsinvariantlyhadvery focalsensorprojections(seefield maps),andthecontour
plotswereinvariablydipolarevenwithout channelselection(for example,seefield mapandcon-
tourplot in Fig. 7a).Singledipoleswerefitted for theseoccipito-parietalcomponents.A subsetof
channelsovertheoccipito-parietallobe(20–30channels)wereusedfor thepurposeof fair compar-
isonwith theconventionalanalysismethodwithout theaid of SOBI.Thepeakresponselatencies
of thesecomponents( E $H1�<

) were139.0F 7.6andthedipolecoordinates(X,Y,Z) were7.5F 2.6,U 49.4F 3.2,and68.6F 3.4mm.
Using the conventionalmethodof sourcelocalizationdirectly from the unseparatedsensor

data,dipoleswerefitted usingthe sameor similar subsetof channelsselectedover the occipito-
parietalcortex. In all subjectsandall tasks,the conventionalmethodidentifiedandlocalizedat
leastonevisualsourcein theoccipito-parietallobe(100%detectability).Of a totalof 16expected
sources(4 tasksby 4 subjectsby 2 sides),10couldbefittedwith asingledipole,4 werefittedwith
two-dipolesolutions,1 wasfitted with a three-dipolesolution,and1 wasfitted with a four-dipole
solution. Whenmultiple dipole solutionswereneeded,at leastoneof themwaslocalizedto the
occipito-parietalcortex. This variationin dipolesolutionsmayreflectsomeindividual differences
in visualprocessingoccurringoutsideof theoccipito-parietalcortex. Thepeakresponselatencies
of theseoccipito-parietalvisual sources( E $ 16<

) were 143.6F 5.5 and the dipole coordinates
(X,Y,Z) were4.21F 4.8, U 55.89F 2.68,and59.42F 3.83mm.

3.5.2 Somatosensorysource

Fromcomponentsof all subjectsandall tasks,with only two failureswewereableto identify and
localize22 out of the 24 expectedleft andright somatosensorysourceswith a singledipole (3
subjectsby 4 tasks).All 22somatosensorycomponentshadveryfocalsensorprojections(seefield
maps)andtheir contourplotswereall highly dipolarevenwithoutchannelselection(for example,
seefield mapandcontourplot in Fig. 9.) Singledipoleswerefitted to thesecomponents,with a
subsetof channelsover thesomatosensorycortex (20–30channels)selectedfor thepurposeof fair
comparisonwith the conventionalanalysismethod. The peakresponselatencieswere33.3F 4.2
and30.8F 3.4 ms for the left ( E $V191

) andright ( E $V191
) somatosensorysources.The dipole

coordinates(X,Y,Z) were U 39.4F 2.4,7.8F 2.7,and84.6F 1.7for theleft and45.69F 2.1,5.6F 2.2,
and84.1F 3.1for theright somatosensorysources.

Usingtheconventionalmethodof sourcelocalizationdirectlyfrom theunseparatedsensordata,
dipoleswerefitted usingthesameor similar subsetof channelsselectedover thesomatosensory
cortex. Only 9 out of 24 expectedleft andright somatosensorysourcescould be identifiedand
localizedfollowing theconventionalmethodof identifyingapeakresponsein theaveragedsensor
data.Of 24sourcesexpected(3 subjectsby 4 tasksby 2 sides),in 7 casesnovisiblepeakresponse
could be identified in any of the sensors.Of the remaining17 casesin which peakresponses
couldbefoundin at leastonesensorover thesomatosensorycortex, 4 did not have dipolarfields,
and 4 resultedin dipole locationsoutsideof the heador in the auditory cortex. Single dipole
solutionswerefoundin only 9 cases.Thepeakresponselatenciesof thesesomatosensorysources
were24.8F 2.5 for the left hemisphere( E $G;

) and31.6F 1.8 for theright hemisphere( E $H:
).
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Figure10: SOBI increasedthe detectabilityof expectedneuronalsourcesfor the morevariable
somatosensoryactivation.

Thedipolecoordinates(X,Y,Z) were U 43.3F 3.9, 12.1F 5.6, and82.8F 3.8 for the left 42.3F 5.5,
15.9F 2.7and89.9F 1.4for theright sources.

3.6 Statistical comparisons

Therewasno significantdifferencein the detectabilityfor the occipito-parietalsourcemeasured
with andwithoutSOBI.In contrast,SOBIpreprocessingresultedin anincreasein thedetectability
of theexpectedsomatosensorysources(Chi Squre,test WYX CO@�@9@+1

) (Fig. 10). Thepeakresponse
latenciesfor thevisualandsomatosensorysourcesdid notdiffer significantlywhenmeasuredusing
andwithout usingSOBI. For the visual sources,the precisedipole locationsestimatedwith and
without SOBI did not differ in the X andY dimensionsbut nearlydifferedsignificantly in the
Z dimension(W $Z@7C
@9;

). For the somatosensorysources,the precisedipole locationsdiffered
significantly in the Y dimension(W[X @7C
@9;

) for the left sourceand in Y andZ dimensionsfor
the right source(W-X @9CO@�;

). As the trueaccuracy of sourcelocationscannotbedeterminedfrom
theseexperimentswithoutadepth-electrode,noquantitativecomparisonscanbemadeconcerning
accuracy.

4 Discussion

We identified and localizedvisual and somatosensorysourcesactivatedin four subjectsduring
four cognitive tasks.Dueto therelatively largevariability involved in highly cognitive tasksand
the small numberof trials collected,thesetaskswerecharacterizedby relatively poor signal-to-
noiseratiosin thesensordataandthereforewereidealfor evaluatingdifferentiallocalizationper-
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formance. Our resultsshowed that despitethe large variability associatedwith the visual and
somatosensoryactivationsduringtheseparticulartasks,SOBI wasableto separateidentifiablevi-
sualandsomatosensorycomponentsthat werefurther localizedto the expectedcortical regions.
Thephysiologicalandneuroanatomicalinterpretabilityof thesecomponentsacrossmultiple sen-
sorymodalitiesandtheircross-subjectandcross-tasksreproducibilityestablishesSOBIasaviable
methodfor separatingandidentifyingneuronalpopulationsfrom MEG dataduringfairly complex
cognitivetasks.Most importantly, weshowedthatSOBIpreprocessingofferedaspecialadvantage
whentheevokedresponsesin thesensordatahadpoorsignal-to-noiseratios.Specifically, for the
highly variablesomatosensoryactivationevokedby incidentalstimulationduringbuttonpresses,
SOBI preprocessingresultedin a greaterpercentageof theexpectedsomatosensorysourcesbeing
identifiedandlocalizedthanthesamedipolemodelingmethodapplieddirectly to theraw sensor
data.

4.1 SOBI reducedsubjectivity and labor in sourcelocalization

In conventionalsourcelocalization,therearetwo major sourcesof subjectivity: the selectionof
dipole fitting times, and the selectionof channels.Theseare both eliminatedby our proposed
procedure.First, becauseeachcomponenthasa fixed field map, the dipole fitting solutionsfor
componentswerenot sensitive to eitherthetime at which thedipoleswerefitted nor to thesensor
usedfor determiningthe time of fit (seeSec.B.2). Within this map,eachsensorreadingreflects
only activationdueto a singlesourcegenerator, or several temporallycoherentgeneratorsasop-
posedto activationdueto a combinationof multiple generators,eachwith a differenttime course.
Therefore,using SOBI, thereis no needto subjectively selecta time from a sensorfor dipole
fitting. Secondly, simplecomponents,which have field activation over early sensoryprocessing
areas,werealmostalwaysdipolarevenwithout channelselection/reduction.12 Therefore,channel
selectionis not necessary. Oneway to seethe differencebetweendipole localizationwith and
withoutSOBIprocessingis to view SOBIasamoreautomaticandmoreobjective tool thatallows
theisolationof sensoractivationdueto analreadyisolatedfunctionallyindependentgenerator. The
reducedsubjectivity andtimerequiredto find dipolesolutionscanmakedataanalysisandtraining
of new researchersfor MEG morecost-effective.

4.2 SOBI impr oveddetectability of neuronal sources

The advantagesof ICA algorithmsin generalhave beenshown in a numberof applicationsto
EEG and MEG data. First, thesealgorithmscan separateneuronalactivity from variousarti-
facts(Makeig et al., 1996;Vigário et al., 1998;Tanget al., 2000a;Zieheet al., 2000;Junget al.,
2000a,b),suchaseye blinks. In contrastto methodsthat rely on the useof a template,ICA re-
movestheseartifactswithout any prior assumptionsaboutthenatureof thewaveforms.Secondly,
ICA isolatesphysiologicallyandbehaviorally meaningfulcomponentsthatdescribepreviouslyun-
availableaspectsof neuronalactivity (Makeigetal., 1997,1999b;Wübbeleretal., 2000).Finally,

12SOBI alsoseparatedout many complex componentswhich have multiple patchesor very broadfield activation.
Thesecomponentsmay reflect synchronizedactivation in multiple brain regions. Functionalconnectivity may be
inferredamongthesebrainregions.



Tangetal IndependentComponentsof MEG: Localization 22

ICA-separatedneuronalsourcesare lesscontaminatedby variousnoisesources,which allows
single-trial responsedetection(Junget al., 1999; Tang et al., 2000b;Carteret al., 2000). ICA
methodshave beenableto distinguishtheabsenceof rhythmic activity from theabsenceof phase
lockedrhythmic activity (Makeigetal., 1999a).

We have shown that SOBI separationof the data resultedin a greaterdetectabilityof so-
matosensorysources,butdidnotincreasethedetectabilityof visualsources.Thismodality-specific
improvementin sourcedetectabilitydependedon thesignal-to-noiseratiosin thesensordata.Be-
causevisual responsescould be clearly identifiedfrom 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-noiseratios in the raw sensordatafor the somatosensoryresponses
causedmany failuresin identifying a sensorat which a peakresponseoccurredandin determin-
ing thepeakresponsetime. Underthis poorsignal-to-noisecondition,in all but two cases,SOBI
preprocessingresultedin separatedcomponentswith the characteristicfield map,characteristic
temporalresponseprofile,andthecorrectdipolelocationfor a somatosensorysource.Thesefind-
ingssuggestanotheradvantagethatICA algorithmscanoffer: improving theability to detectand
localizeneuronalsourcesthatareotherwisedifficult to detector areundetectableunderrelatively
poorsignal-to-noiseconditions.

This improvementhassignificantpracticalimplications.First,brainregionsinvolvedin higher
level cognitiveprocessingtendto show greatertrial-to-trial variability in theiractivation,andthere-
fore,have lowersignal-to-noiseratiosin theaverageresponses.Second,behavioral tasksthatbear
greaterresemblanceto real world situationstend to involve greatervariability in both stimulus
presentationandsubsequentprocessing.Finally, studiesof clinical patientsandchildrenareoften
limited by the lengthof theexperiment,andtherefore,oftenprovide datafrom a limited number
of trials. Our resultssuggestthatICA mayoffer animprovedcapabilityin detectingandlocalizing
neuronalsourceactivationsin thesedifficult situations.

4.3 Assumptionsof SOBI

Here,wediscussassumptionsof particularrelevanceto SOBIandMEG, ratherthangeneralissues
in ICA. Like all ICA algorithms,SOBI assumesthat themixing processis stable.In thecontext
of MEG, a stablemixing processcorrespondsto assumingthat theheadis motionlessrelative to
the sensors.For this reasonheadstabilizationcanbe particularly importantin MEG whenICA
is used.SOBI alsoassumesthat thereareat leastasmany sensorsassources.For us, this is not
a seriousproblem,asour MEG device has122sensors,yet we recover only a few dozensources
thatshow task-relatedevokedresponses.Theobservationthatonly a smallnumberof sourcesare
activeduringtypical cognitiveandsensoryactivationtasksis consistentwith theresultsof studies
usingboth EEG (Makeig et al., 1999b)andMEG Vigário et al. (2000). The crucial assumption
in ICA is that of independence.For a thoroughdiscussionof the independenceassumptionasit
pertainsto MEG, seeVigárioetal. (2000).Here,wewill discussindependenceonly in thecontext
of theparticularmeasureof independenceusedby SOBI.

Oneproblemthat EEG andMEG researchershave with the independenceassumptionarises
from thefactthatif onecomputescorrelationsbetweenEEGor MEG sensorreadingsovermultiple
brainregionsduringbehavioral tasks,onewouldfind thatsomebrainregionshavenon-zerocorre-
lations.A goodexampleof correlatedbrainactivity is theapparentlycorrelatedevokedresponses
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from neuronalpopulationsin multiple visualareasalongtheprocessingpathway duringa visual
stimuluspresentation.Basedon suchan observation, onecould concludethat as the statistical
independenceassumedby ICA is clearlyviolated,theresultsof ICA mustnot betrusted.Yet,we
haveshown thatSOBIwasableto separatevisualcomponentsthatclearlycorrespondto neuronal
responsesfrom early andlater visual processingstagesthat arecorrelateddueto commoninput
(Tangetal.,2000b).Others(Makeigetal.,1999b;Vigárioetal.,2000)haveproducedbehaviorally
andneurophysiologicallymeaningfulcomponentsunderavarietyof taskconditions.

As differentICA algorithmsusetheindependenceassumptiondifferently, weoffer thefollow-
ing explanationthatappliesspecificallyto SOBI. Oneneedsto recognizethatcorrelationis not a
binary quantity. Consequently, neitheris violation of the independenceassumption.The impor-
tantquestionis not whethertheassumptionis violatedbut whethertheassumptionis sufficiently
violatedsuchthat the estimatedneuronalsourcesby SOBI areno longermeaningful. The way
SOBI usestheindependenceassumptionis to minimizethetotal correlationscomputedwith a set
of timedelays,asdescribedin AppendixB.1. As such,eachdelay-correlationmatrix \^] generally
makesonly a smallcontribution to theobjective function.For example,thecorrelationonewould
observe betweenV1 andV2 responsescouldbehigh only at or aroundoneparticulartime delay,
sayin \`_�acbed . In optimizing its objective function,SOBI canleave a particularlylarge non-zero
off-diagonalelement,saytheonecorrespondingto the20msdelayedcorrelationbetweenV1 and
V2, whenminimizing¡ thesumsquaredoff-diagonalelementsacrossall thecomponentsandtime
delays.Therefore,this particularmethodof maximizingindependenceis not necessarilyincom-
patiblewith a large correlationat a particulartime delaybetweentwo sourcessharingcommon
inputs.

Most ICA algorithms,includingSOBI,minimizesomeobjective function. It is possiblefor the
optimizationprocessto find a poor local minimum. In general,poorresultscanresultfrom many
underlyingcauses:poorexperimentaldesign,poorly conductedexperiments,poorheadstabiliza-
tion, poor optimizationwithin the ICA algorithm,violation of assumptions,etc. No amountof
attentionto any onepossibleproblemcanvalidateICA-basedmethodsfor processingfunctional
brain imagingdata. As with any statisticalprocedure,the real issuehereshouldnot be whether
assumptionsareviolatedat all, but whetherthe algorithmscanrobustly produceseparatedcom-
ponentsthatarebehaviorally, neuroanatomically, andphysiologically interpretable,despitesome
violation of the assumptionsunderwhich the algorithmswerederived. For example,t-testsare
veryrobustagainsttheviolationof normalityassumptionandarethereforeregularlyperformedon
datawhich arenot guaranteedto beGaussian.Only empiricalresultscangive confidencethata
methodis correctlyseparatingtheMEG data.

4.4 Summary

Establishingthat(1) SOBI preprocessingcanleadto theidentificationandlocalizationof physio-
logically andanatomicallymeaningfulneuronalsourcesand(2) SOBI preprocessingcanincrease
thesuccessratein detectingandlocalizingneuronalsourceactivationunderpoorsignal-to-noise
conditionsis only thefirst stepin demonstratingtheusefulnessof ICA algorithmsto theanalysis
andinterpretationof MEG data.Thenext stepsincludesystematicallystudyingtheeffect of ICA
on sourcelocalizationwhenICA methodsarecombinedwith moresophisticatedsourcelocaliza-
tion algorithms(Ribary et al., 1991;Aine et al., 1998;MosherandLeahy, 1999;Schmidtet al.,
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1999)andexploringthepossibilityof measuringsingle-trialresponseonsettimesin ICA separated
neuronalsources.
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A Experimental details

Continuous122-channeldatawerecollectedduring the entireperiodof the following four tasks
sampledat300Hz andband-passfilteredat0.03–100Hz. A totalof four visualreactiontimetasks
wereperformedby eachsubject.

In all tasks,eachtrial consistedof a pair of coloredabstractblock compositions,oneof which
was the target, presentedsymmetricallyand simultaneouslyon the left and right halves of the
screen.Subjectswereinstructedto respondasquickly andasaccuratelyaspossiblewith a left or
right handmousebuttonpresswhenthe target stimuluswaspresentedto the left or right sideof
thedisplayscreenrespectively. Thebuttonpresselicitedanauditoryfeedbackindicatingwhether
acorrector incorrectresponsewasmade.

Stimuli wereeitherpresentedon a 15” VGA computermonitorat a distanceof 48” andoccu-
pying 7.6f of visualangleor back-projectedby anLCD projectorpositionedso that thestimulus
occupiedthesamevisualangle.In all taskstheinterval betweenthemotor-responseandthenext
stimuluspresentationwas3.0F 0.5s. Auditory feedbackwascomposedof 2000Hz and500 Hz
tonesindicatingcorrectandincorrectchoicesrespectively.

Thefour tasksdifferedfrom eachotherprimarily in theirdefinitionof thetargetstimuluswhich
affectedhow much processingwas requiredfor target determination. The precisedurationof
eachtaskvariedslightly acrosssubjects,dependinguponthe subject’s reactiontime. Therefore
typical durationsaregivenbelow. Thefirst task(stimuluspre-exposure)consistedof 270trials. It
took thesubjectsapproximately30 minutesto performthis task.Theotherthreetasks(elemental
discrimination,trumpcard,andtransversepatterning)eachconsistedof 90 trials thatweresubsets
of the samestimuli containedin the first task. Eachof the thesethreetaskstook approximately
10 minutesto complete.For eachsubject,all four experimentswereperformedon thesameday
but eachin a separatesession. Instructionsfor eachexperimentwere given immediatelyprior
to thatexperiment.Subjectswerepermittedto move betweenexperiments.Headpositionswere
recalibratedat thebeginningof eachexperiment.Subjectsperformedthefour experimentsin order
of increasingtaskdemand:stimuluspre-exposure,trump-cardtask,elementaldiscriminationtask,
andtransversepatterningtask.

A.1 Stimulus pre-exposure task

Therewereno pre-definedrelationshipsbetweenstimuli andbutton presses.No feedbackwas
given to the subjectsaboutany choice. The subjectwasinstructedto examineboth stimuli and
thenmake a roughlyequalnumberof right andleft buttonpresses,without consistentalternation
betweenright andleft responses.Thesequenceof presentationwasrandom.Presentationsof each
stimuli on theleft andright sidesof thevideoscreenwerecounterbalanced.

A.2 Trump Card Task

Subjectswereinstructedto discoverby trial anderrorwhichof thetwo stimuli in thestimuluspair
wasthetarget(thetrumpcard).A total of 9 stimuluspairsinvolving 10 stimuli wereused,with a
singlestimulusasthetrumpcard.Subjectsdid nothaveany problemin discoveringthetrump-card
within a few trials.
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A.3 ElementalDiscrimination Task

Subjectswereinstructedto discoverwhichoneof thestimuluspairwasthetargetstimulusby trial
anderror. A total of threestimuluspairsconsistingof six stimuli wereused. For eachpair of
stimuli, oneof thepair wasthetarget. This taskdiffers from thetrumpcardtaskin thatmultiple
targetstimuli wereinvolved.All subjectsfoundthetargetswithin a few trials.

A.4 TransversePatterning Task

Subjectswere instructedto discover which of the two stimuli in a stimuluspair was the target.
Threestimuluspairsconsistingof threestimuluscompositionswereused.Eachstimuluscouldbe
a targetor non-targetdependinguponwhat it waspairedwith. Thetargetdefinitionwasa “rock-
paper-scissors”arrangement:A wins whenpairedwith B, B wins whenpairedwith C, C wins
whenpairedwith A. Again, subjectswereableto discover the winning relationshipsafter a few
trials.

B Mathematical Methods

B.1 The SOBI SourceSeparationAlgorithm

The SOBI algorithmproceedsin two stages.First, the sensorsignalsarezero-meanedandpre-
spheredasfollows: g 
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is thematrixwhosecolumnsarethecorrespondingeigenvectors,i.e. the“PCA components”
of � . (This pre-spheringis solely for the purposeof improving the numericsof the situationby
constrainingthematrix } below to bea rigid rotation.)

For the secondstage,oneconstructsa setof matriceswhich, in the correctseparatedbasis,
shouldbe diagonal. In our case,we chosea setof time-delayvalues
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to computesymmetrized

correlationmatricesbetweenthesignal
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is a function that takes an asymmetricmatrix and returnsa
closelyrelatedsymmetricone. This symmetrizationdiscardssomeinformation,but theproblem
is alreadyhighly over-constrained,and the symmetrizedmatricesprovide valid, albeit slightly
weaker, constraintson thesolution.

After calculatingthe \ ] , we look for a rotation } that jointly diagonalizesall of them by
minimizing ] ����9� 
 } o \ ] } � _ ��� 3 thesumof thesquaresof theoff-diagonalentriesof thematrix
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products} o \�]�} via an iterative process(CardosoandSouloumiac,1996).13 Thefinal estimate
of the separationmatrix is ' $ } o/i�3 which is usedto calculatethe separatedcomponents�% 
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B.2 SeparatedComponentsin SensorSpace

Since' is theestimatedunmixingmatrix, let ususe
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��� for theconsequentestimated

sources,and
�# $ '�(�* for thecorrespondingestimatedmixing matrix. Using these,thesensor

signalsresultingfrom just oneof the componentscanbe computedas
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eachcomponentwhich is to beretained.
To localizeasinglecomponent,onecomputes
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where
�� � ��� is the � th columnof

�# and
�� � ��� 
���� is the sensor-spaceimageof source� . Because�� � ��� 
���� is at eachpoint in time equalto theunchangingvector

�� � �u� , scaledby thetime course
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dipolefitting algorithmswill localize
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��� to thesamelocationno matterwhatwindow in time

is chosen.

B.3 Scaling

Blind sourceseparationleavesthefreedomto chooseanarbitraryscalefactorfor eachcomponent.
For instance,thesource� ��
���� couldbescaledupby a factorof ten,andthe �p�n� columnof # scaled
down by thesamefactorof ten,giving riseto theexactsameobservation � 
���� . Makingareasonable
assumptionthatall thesensorshave intrinsic Gaussiannoiseof thesamemagnitude,we usedthe
additivity of theseindependentsensornoiseto scaleeachrow of ' to give eachrow a vector
lengthof one.Thatis, if ' is theunscaledunmixingmatrix, thenwenormalizedits rows to yield' using � ����$ �

� ���
� �
� _��� (5)

With this scalefactor, the sourcescan be viewed as being measuredby a “virtual sensor”that
measuresin thesameunits,with thesamescale,andwith thesameamountof intrinsicnoiseasthe
realsensors.

An alternative approachto scalingis to try to calculatethe actualstrengthof the source,for
instancethe actual total energy emitted. This can be doneby fitting a physical sourcemodel
(suchasanequivalentcurrentdipole)to eachcomponentandscalingtherows of ' suchthatthe
columnsof

�# matchthe attenuationspredictedby the estimatedphysical model. This approach
hasthe disadvantageof beingdependenton the localizationprocess,thusgiving rise to multiple
scalingswhentherearemultiple localizationproceduresin use,or evenwhena singleprocedure
producesmultiple possiblelocalizations.Anotherdisadvantageof this alternative is a failure to
generateascalingwhenthelocalizationfails,asit wouldonnoisecomponents.

13UsingMATLAB codeavailableathttp://sig.enst.fr/� cardoso/.
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B.4 Energy / Varianceaccountedfor

A commonlyusedstatisticis theenergy in asource,or theamountof varianceit accountsfor. The
energy of source� is � �q$ � � 
 �	 � ���� 

��� U �	 � ���� � _ (6)

wherethe meanis beingsubtractedto discountDC offsets,an importantconsiderationin MEG.
Becausetherowsof thematrix ' arenormalized,wecansimplify thisexpressionusingEquation
4 yielding � �q$ � 
 �� ��
���� U �� �m� _ (7)

which is computationallymoreefficient. In this paper, we gave thefractionof varianceaccounted
by the � th componentas

� �|� � � �
.


