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Abstract. Independentomponentnalysis(ICA) of functionalmagneticreso-
nanceimaging (fMRI) datais commonlycarriedout underthe assumptiorthat
eachsourcemay be represente@sa spatially x ed patternof activation, which
leadsto the instantaneoumixing model. To allow modelingpatternsof spatio-
temporaldynamics,in particular the o w of oxygenatedlood, we have devel-
opeda corvolutive ICA approach:spatialcomplex ICA appliedto frequeng-
domainfMRI data.ln severalfrequeng-bandswe identify componentpertain-
ing to actiity in primaryvisual cortex (V1) andblood supplyvesselsOnesuch
componentpbtainedn the0:10-Hzband,is analyzedn detailandfoundto likely
re ect ow of oxygenatedloodin V1.

1 Intr oduction

Thebloodoxygenatiorevel dependenBOLD) contrasimeasurethy fMRI recordings
depend®n the changdn level of oxygenatedloodwith neuralactiity. ICA hasbeen
successfuat nding independenspatialcomponentshatvaryin time [1,2], but there
may alsobe spatio-temporallydynamicpatterngn fMRI recording=of brainactivity.

Convolutive modelsarea way to accountfor dynamic o w patternsin convolutive
models,eachsourceprocesss characterizedy the spatio-temporapatternit elicits
andby thetime-courseof activation of this pattern.The signalaccountedor by each
sourceprocesss obtainedby corvolving the spatio-temporasourcepatternwith its
time-courseof activation. The mixed (measuredylataare obtainedby summingover
the contritutions of all sourceprocessesSeparatiorof mixed actvity generatedyy
several of suchprocessess not possiblefor instantaneou$CA algorithmssincethe
convolutive mixing is beyondthe scopeof theirinstantaneousixing assumption.

The corvolutive separatioproblemcanbe solved by performingall computations
in thefrequeng-domainsincethecornvolutionin thetime-domairfactorizesnto amul-
tiplication in the frequeng-domain.Separatioris performedby applyinga complex
ICA algorithmto the complex-valueddatain eachfrequeng-band.

The useof this procedurdor the analysisof electroencephalograph{EEG) data
hasrecently beenpresentecelsevhere [3]. Here, we presentthe applicationof the
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methodto fMRI data.Comparedto EEG data,fMRI dataare characterizedy their
high spatialresolutionat a low temporalsamplingrate.fMRI dataarecommonlyana-
lyzedby spatiall CA decompositiomwheretime-pointscorrespondo inputdimensions
andvoxelsto samplesThisis in contrasto temporal CA usedfor EEG,wheresensors
constituteinput dimensionsaandtime-pointssamplesTo apply complex ICA to fMRI
signalswe similarly apply spatialcomple< ICA to frequeng-domainfMRI data.

2 Methods

Convolutive ICA modelshave traditionally beenin useto performblind separatiorof
acousticallyrecordedsignalsinto individual sourcege.g.,several spealers,or spealer
andnoisesource[4,5,6). Thecorvolutivemixing modelcomesnto play throughroom
acousticswherethesignalof eachspealerhasto becornvolvedwith theroom'simpulse
responsdrom the spealer to eachof the microphonego obtainthe signalat eachmi-
crophoneTheconvolution capturegheeffectsof theacousticervironmentto delaythe
soundsignalduringits propagatiorirom spealerto microphoneandto generateechoes
of thedirectsound At the sensorarrays,onespealer's signalin generalarrivesearlier
(or later) at onemicrophonethanat othermicrophoneswhich may beinterpretedasa
spatialandtemporalvariability thatis introducednto the signalby convolution.

In thepresentontribtution,we generalizérom thephysicalunderpinning®f acous-
tic wave propagationand usethe corvolutive signal propagationand superposition
modelto capturespatialandtemporaldynamicsn brainsourcesneasureavith aquasi-
instantaneoumeasuringorocessWe do not use cornvolution to modelthe physicsof
the electromagnetigvave signalpropagationput to endav the underlyingsourcepro-
cessewith the potentialfor both spatialand temporaldynamicscompatiblewith the
neuronaklndbiological substratef theobsenedbrainprocesses.

For a toy example,referto Fig. 1, wherea delta-shapedourceactivation is con-
volvedwith severalimpulseresponsefrom the sourceto differentvoxels. Theimpulse
responsesgssentiallycorrespondo a setof differentdelays(togethemwith atemporal
smearing)and give rise to the sensatiorof a moving patternthat changests spatial
positionatthevoxelswith time: a spatio-temporallylynamicsourceprocessNotethat
while a singlesourceis sufcient to accountfor the processwith a corvolutionmodel,
this would not be possiblewith an instantaneousi.e., multiplicative but not convolu-
tive) model.At best,multiple spatially xed souice processeswith mutually different
spatial foci and shiftedtempoal activations,could achieve a similar goal, however,
sacri cing their independencandarti cially in ating thenumberof sources.

For the separatiorof several spatio-temporatlynamicsourcesdifferentsourceac-
tivationseachwith a differentsetof impulseresponsewould be used.Fromthesensor
data,it is only possibleto reconstructhe sourceactivationup to anunknown convolu-
tion: In ourtoy example the“temporalsmearing™couldbeincorporatednto thesource
activationratherthantheimpulseresponsesf the sensorsithout changingthe voxel
signals.Despitethis ambiguity the patterneachindividual sourceevokesat the voxels
is uniquelydetermined.

Under corvolutive ICA, the usualconceptof a spatially x ed sourceis replaced
by a more abstractsourceprocesswith spatialand temporaldynamics,and our goal
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is to isolateportionsof the recordeddataattributableto individual sourceprocesses.
However, a sourceprocessanin ary caseonly be obsenedby meansof the signalsit
contritutesto the measurement,e., the spatialandtemporalvoxel activation patterns
producedby the sourceprocesqcorrespondingn our acousticanalogto that part of
the acousticsignal recordedat all microphonegproducedby an individual spealer).
The sourceactivation(e.g.,the spealer's vocal sourcesignal)may not have a concrete
biological counterpartn theanalysisof brainsignals.

We note that the use of convolutive modelsto extract componentswith spatio-
tempoal dynamicsshould not be confusedwith the “spatiotempoal ICA” method
[7], that extracts static (non-comwolutive) componentsising an instantaneousnixing
model.

Becausef theequivalenceof time-domairconvolutionandfrequeng-domainmul-
tiplication, the corvolutive sourcesuperpositioncan be expressedn the frequeng-
domainasa multiplication of spectralrepresentationsf measuredignals,sourceac-
tivations,andimpulseresponsesAs spectraltransformsof all three quantitiesarein
generalcomplex-valued,a complex ICA method[3,8] is usedto separatehe time-
frequeng representationsf the voxel activationsinto independentomponentsThe
mainstepsof the methodareillustratedin Fig. 2.

Considermeasuredsignalsx;, wheret denotestime andi denotesvoxels. Their
spectratime-frequenyg representationss;( f) arecomputedisingtheshort-ternourier
transformation ‘

xti(f) = & (T + )h(t)e M= 1
t

where f denotescenterfrequeng, andh(t) is a Hanningwindow centeredattime T.
Usually, spectratransformsarecomputedat a subsebf time-points(“ T") of the origi-
naltime-domairdatameasuremenindicatedby “t”). Hence dataof size[timest  voxelsi]
aretransformednto dataof size[timesT voxelsi frequencied].

For eachfrequeng band f, the signalsare modeledto be generatedrom inde-
pendentsourcessri(f) by multiplication with frequeng-speci ¢ mixing coefcients
arro(f), o

xTi(f) = aoaTTO(f)STQ(f); )
T

whichin matrix notationreads

X(f) = A(f) S(): ®)

Comple ICA separatethe datainto independentomponentsisingthelinear projec-
tion

U(f) = W(f)X(f); i.e., (4)
uri(f) = & wrro( f) xra(f); (5)
TO

whereur;(f) andwrro( f) representomplex spatialcomponenpatternsaandthe sepa-
ratingmatrix, respectiely.

Hence asin real-valuedICA for fMRI signals,a spatiall CA decompositions per
formed,wheretime-pointscorrespondo input dimensionsandvoxelsto samplesFor
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eachfrequeng-bandwe obtaina setof complex-valuedindependentomponentsheir
numberimited by thenumberof temporawindows T Eachis characterizetby its as-
sociatedcomplex time-courseato( f) and complex-valuedspatialpatternsro( f), with
TCdenotingcomponenhumber

The complex ICA algorithm employedhere is a generlization of the real-valued
infomaxICA algorithm[9] andwas r st derivedvia a maximum-likelihoodapproacd
[10], for a detailedexpositionse€[3,8]. Theresultingupdaterule wasproposecdearlier,
albeitwithoutderivation,by[11], andlater derivedindependentlypy[12,13. Alterna-
tive complex ICA algorithmshavebeenproposedy, e.g., [14,15,16,17).

Thederivationof the complex infomaxalgorithmemployedis brie y summarized
belon. Sourcesare modeledas complex randomvariableswith a circular symmetric,
superGaussiarprobability densityfunction. Becausef circular symmetry the proba-
bility densitycorrespondindgo the complex sourcevalues dependonly on the (real-
valued)magnitudgg of s,

Ps(s) = g(is)): (6)

The assumptiorof a superGaussiarpdf resultsin the real and imaginarypartsof s
not being independenbf eachother Analysis of the statisticsof frequeng-domain
fMRI dataexhibits a positive kurtosisandstronglyindicateshattheseassumptionsire
ful lled.

MatricesW( f) arefound by maximizingthe log-likelihoodL(W(f)) of the mea-
suredsignalsX(f) givenW(f), whichin termsof the sourcedistribution Ps is

L(W(1)) = HogPx(X(f)jW(f))i; = logde(W(f)) + HogPs(W(f) X())i;; (7)

whereh i; denotesexpectationcomputedasthe sampleaverageover all voxelsi. We
performmaximizationby complex gradienascenbnthelik elihood-surice The(T; T9-
elementdwyro( f) of thegradientmatrix NW( f) is de ned as

_ 1 . 1 .
W)= ey Ty W ©

where=TAwto( ) and J=Awrro( f) denotedifferentiationwith respecto the real
andimaginary partsof matrix elementwrto f), respectiely. Using naturalgradient
optimization[18], this resultsin

NwW(f) = RW(Hw(HFw(f)= 1 v(HUuHH w(f); 9)

whereV (f) is anon-linearfunctionof the sourceestimatedJ( f):

vri(f) = ?igr(UTi(f)) a(juri(H)i); (10)
signz) = (z):jzj :: ; gi D

| denotegheidentitymatrixandthefunctiong( ) : R! Risareal-valuednon-linearity
choserasg(x) = tanh(x).
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3 Results

The experimentadatawerefrom a250s experimentakessiorconsistingof tenepochs
with stimulusonsetasynchrog (SQA) of 25s. An 8-Hz ick eringcheclerboardstim-

uluswaspresentedo onesubjectfor 3:0 s at the beginningof eachepoch.The subject
wasrequestedo xate aredcrossin thecenterof thevisual eld betweerstimulations.
500time-pointsof datawererecordedat a samplingrateof 2 Hz (TR=0.5)with reso-
lution64 64 5voxels, eld-of-view 250 250mn?, slicethickness? mm, 5 slices.
fMR imageswere recordedwith a 3 teslaMedspec30/100scannerBruker Mediz-

intechnik GmbH, Ettlingen, Germaly) at the IntegratedBrain ResearchuUnit (IBRU)

of Taipei VeteransGeneralHospital, Taipei, Taiwan. A structuralT1-weightedimage
with aresolutionof 256 256voxelswasrecordedvith the sameslice positionsasthe
functionalimages.

In apreprocessingtep,therecordedmagesweresubjectedo slicetiming adjust-
ment,which compensatetbr the recordingtime differencebetweernindividual slices.
Off-brain andlow-intensityvoxelswereidenti ed andremovedby thresholdingnten-
sities of the structuralimage,reducingthe numberof voxelsin the functionalimages
by about86% (from 20480to 2863). For more experimentdetailsrefer to [19]. The
dataof this experimentandthe preprocessingoutinesarefreely availableaspartof the
FMRLAB toolboxfor ICA analysisof fMRI data[20].

Spectraldecompositiorwas performedusingthe windowed discreteFourier trans-
formation(1) with aHanningwindow of length40 samplesawindow shift of 1 sample,
andfrequeng-bands0:05; 0:10; :::; 1:00 Hz. Thisresultedin datasplit into 20 bands,
eachwith 461time-pointsand2863voxels.

Spatialcomplex ICA decompositiorwas performedwithin eachfrequeng-band.
In apreprocessingtep,input dimensionalityin eachbandwasreducedrom 461to 50
by retainingonly the subspacepannedy the (comple) eigervectorscorresponding
to the 50 largesteigervaluesof the datamatrix X(f). Complex ICA decomposedthis
subspacénto 50 complex independentomponentperband.

Motivatedby previous resultsof real-valuedinfomax ICA on the samedata[19],
we wereinterestedn componentsvith aregion of activity (ROA) nearprimary visual
cortex V1. One suchcomponentvas found in several low-frequeny spectralbands,
with atime-courseof activationthatre ectedthe SQA of thevisualstimulus.

Spatialandtemporalactivation patternsassociatedvith visual stimulationaredis-
playedin gures 3-10for frequeng band€0:05Hz,0:10Hz and0:15Hz. Beingderived
by complex ICA, both spatialandtemporalbasesarecomple-valued.The spatialpat-
ternsaredisplayedwith separatenagnitudeandphaseplots.For thetemporalactivation
patternsmagnitudds the mostinformative partanddisplayedhere.

As canbeseenfrom the spatialpatternmagnitudeplots ( gures 3, 4, 6, 8), all com-
ponentsinclude activation of the primary visual area,mostobviousin slices3 and4
of eachcomponentThis is bestseenin Fig. 3, wherethe functionalimage of com-
ponentlC2 in the 0:10-Hz frequeng band(cf. Fig. 6) hasbeeninterpolatedo higher
resolutionandsuperimposedn the structuralimage.The ROAs in all threefrequeng
bandscoincideremarkablywell, eventhoughcomplex ICA wasrun independentlyn
eachfrequeng band.Phasen thevisualareaq gures 4, 7, 8) exhibits smoothchanges
(“gradients”), investigatedn more detail below. It shouldbe notedthat smoothness
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of the phase-and magnitude-ariationacrossspaceis not “built-in” to the complex
ICA algorithm,which ratherallows arbitraryvariationsof phaseandmagnitudeacross
neighboringvoxels.

Magnitudeof the complex-valuedactivation time-coursere ects the sequencef
visualstimulationin intenalsof 25s. Thetemporalstimulationpatternis bestcaptured
by thecomponentn the 0:10-Hzband(Fig. 10, center) which hascomponenthumber
2, i.e.,it is the second-lagestcomponenin this spectralbandin termsof the signal
varianceit explains.This componentemarkablywell capturesexclusively the pattern
of visual stimulation. The componentsn the 0:05-Hz and 0:15-Hz frequeng bands
(componentnumbersl6 and9, respectiley) re ect the stimulationsequencevith a
lower degreeof reliability, possiblya resultof the smallerstrengthin termsof variance
accountedor (Fig. 10, left andright).

Becausef its ROA nearV1, its strengthandits reliabletime-lockingof component
activity to stimuluspresentationywe chosecomponennumber2 (IC2) in the 0:10-Hz
bandfor moredetailedexamination Figures3 and6 displaythe magnitudeof thecom-
plex spatialcomponenmapof IC2 in the ROA of the ve recordingslices.The ROA
wasdeterminedrom z-scoref the componenmapby transformingeachcomponent
mapto zeromeanandunit variance andsettinga heuristicthresholdof 1:5. Theextent
of IC2 from the centrallylocatedmainbloodvesselgo primaryvisual cortex is clearly
visible, in particularin slices3 and4. The complex componens phasein the ROA is
displayedin Fig. 7. Slices3 and4 displaya phaseshift from the upperleft borderof
the componeniROA imagetowardsthe lower right border The phaseshift indicates
atime lag in the activation of the componentwoxels whentransformedoackinto the
time-domainwhich will befurtherinvestigatedelow. Fig. 10 shovs magnitudeof the
componens time-courseof activation. Componenmagnitudeclearlyre ects the pat-
tern of visual stimulationwith an SQA of 25 s, with peaksin amplitudethat follow
stimulationwith atime lag of about9 s, anda high dynamicrangebetweercomponent
actiity andinactity.

Comple voxel actiity inducedby thecomponenimaybeobtainedoy backproject-
ing the complex time-courseo the complex spatialmap,i.e., by forming the product
aro( f) sro f), whereT?denotescomponenhumber ato f) the correspondingolumn
of themixing matrix A( f), andsro( f) thecorrespondingow of thesourcematrix S( f).
Transformingthe complex frequeng-domainvoxel actiity to the real time-domain
reduces—irthe caseof a window-shift of onesampleanda singlefrequeng-band—to
taking the real-part.We performedthesestepsto analyzetime-domainvoxel activity
inducedby thecomponenhearthelargestcomponenmagnitudepeakbetweenl 795 s
and187.0 s of the experiment.Fig. 11 displaysthe activity within a patchof 24 vox-
elslocatedin recordingslice 4, marked by a blue squarein Fig. 7. Following stimulus
presentatiommt 1750 s, actvity in the patchstartedto increasewith atime lag of about
4.5s, rst in thevoxelsmostcentrallylocatedn thebrain(top row of voxelsin eachplot
of Fig. 11),andpropagatingvithin aboutl sto the posteriorvoxelsof to primaryvisual
cortex (bottomrow in eachplot of Fig. 11). Analogously voxel activity decreasedst
in thetop row of voxelsbeforedecreasingn the bottomrows.

Toinvestigatevhethersimilartimelag effectscanbefoundwithoutICA processing,
we alsocomputedhe 0:10-Hz bandactvity of therecordeddataat the 24 voxelsthat
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have beeninvestigatedn Fig. 11, usingthe samespectraldecompositionthathasbeen

usedfor thecomplex ICA decompositionActivity accountedor by recordeddataand

by IC2 wasseparatelyveragedvithin eachvoxel row, startingwith row 1 for themost

centrallylocatedvoxels,andup to row 6 for the voxelsin the posteriorposition. The

resultingaveragesareplottedin Fig. 12 for recordeddataandfor componeninduced
actity. Sincethe signalsareband-limited we obtainoscillatoryactiity with positive

andnegative swings.The analysisof relative time lagsand amplitudesnearthe peak
of componenimagnitude(at 184.5s) is notin uenced by this fact. In the component
inducedactiity, themorecentrallylocatedvoxelsareactivatedbetweerD:5 sand1:0 s

prior to the posteriorvoxels. Thetime lag increasesnonotonouslywith moreposterior
voxel position. This gradientof posteriorvoxels being activatedlater thanthe central

voxelsis alsore ectedin theactwity of therecorded/oxelssignals However, thevoxels

in row 3 form anexceptionsincetheir extremalactivation occurseven afterthe poste-
rior voxelsareactivated.The analysisof activationamplitudesn Fig. 12 givessimilar

results:The componentnducedamplitudeincreasesnonotonouslytowardsmore pos-

terior voxel position. Overall, this tendeng is alsofound in the recordedsignals,but

someexceptionsoccurt, e.g.,amplitudein row 2 is smallerthanin row 1.

To compae the complex ICA resultswith thoseobtainedby standad ICA, real-
valuedinfomaxICA asimplementedn the FMRLABtoolbox[19] wasappliedto the
samedatain thetime-domainAmongthe resultingindependentomponentsye found
one(andonlyone)componenivhoseROA (Fig. 13) highly matdesthe ROA of thecom-
plex ICA componentaccountingor visualareaactivity, aspresentedn Figures3to 9.
The samevision-relatedphysiolgical processis modeledby the differentalgorithms,
albeitthespatio-tempaal dynamicsnecessarilys neglectedn themodelobtainedwith
standad ICA. This exampleindicatesthat complex corvolutivelCA is notonly a gen-
eralization of standad ICA in termsof the underlyingmathematicslt may also be
regardedas a genealizationin termsof resultsobtainedfrom real-world data where
compl ICA identi es similar underlyingprocesseandmodelsghemat greaterdetail.

A componenbbtainedby complex ICA pertaininga non-visionrelatedprocessis
displayedin Fig. 14. ThecomponenROA in the 0.05-Hzbandclearly re ects activity
relatedto cerebrospinal uid (CSF)in ventricularareas.Hence complex ICA success-
fully isolates ow artifactsfrom CSFactivity into a sepaate componentSimilar com-
ponentsare oftenobservedn standad ICA decompositionsf fMRI dataand are also
presenin thedecompositiomf this datasetvith real-valued CA (datanotshownhere),
reinforcing theview that complex ICA nds componentgenemtedby the samephysio-
logical processeshat are extractedby real-valuedlCA analysis.Anyresidualoverlap
of thepreviouslydiscussedision-relatedcomponentsith vential areasis attributedto
a partial volumeeffectof the brain voxelssurroundingvential areasandto the spatial
resolutionof thefMR image acquisition.

4 Discussionand conclusion

We analyzedMRI signalsusingacorvolutivelCA approactwhichenabledisto model
patternsof spatio-temporatlynamics.Parameterdor this modelwereef ciently esti-
matedin the frequeng-domainwherethe convolution factorizesinto a product.Our
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methodconsistsof threeprocessingstages1) Computingtime-frequenyg representa-
tions of the recordedsignals,using short-termFourier transformation2) Separation
of the measuredignalsinto independentomponentsising spatialcomple infomax
ICA in eachfrequeng-band.3) Computingthe correspondinglynamicvoxel activation
patterninducedby eachindependentomponentn thetime-domain.

Fromdataof a visual stimulationfMRI experimentwe obtainedcomplex compo-
nentsin the 0:05-Hz,0:10-Hz and0:15-Hz bandswith componentmapROASs extend-
ing acrossprimaryvisual cortex andits blood supplyvesselsThe spatialextentof the
componentsvasremarkablysimilaracrosdrequenciesshawving thatthesecomponents
capturedasinglephysiologicalsources propertiesn differentspectrabands.

In-depthanalysisfocusedon the componenbbtainedin the 0:10-Hz band.By re-
constructingthe spatio-temporahctivation patternaccountedor by this component,
we identi ed atime lag of aboutl s betweenactivation of centraland posteriorvox-
els. A relatedtime lag, but distributedlessregularly, could be obsenedin the 0:1-Hz
frequeng-bandof the measuredignals.The amplitudeof component-inducedoxels
activationsincreasedn the posteriordirection. Also this trend could be seenin the
recordedsignals but it waslesssystemati¢hanfor the|CA processedgignals.

Both obsenationsarecompatiblewith the physiologyunderlyinggeneratiorof the
fMRI signal. The posteriorvoxelsin the componenROA arethe onesclosestto the
posteriordrainagevein. The corvergenceof over-suppliedoxygenatedlood towards
the drainagevein may thereforeresultin the large amplitudesfor thesevoxels. The
temporaldelaybetweeractivationof centralandposteriorvoxelsis consistentvith the
propagatiorof over-suppliedoxygenatedlood from the centrally locatedarteriesto
the posteriordrainagevein. Similar temporaldelayshave beenobsered from optical
recordingsof intrinsic signals,relatedto blood oxygenationjn monkey visual cortex
[21].

Theseresultsmay indicatethat frequeng-domaincomplex infomaxICA cancap-
ture patternsof spatio-temporatlynamicsin the data.lt is reassuringhat similar dy-
namicscould alsobe obseredin the recordedmixed) signals,makingthe possibility
of the complex ICA resultsbeingmereprocessingartifactsimplausible.On the other
hand,the spatio-temporatlynamicsemeged with a higher degreeof regularity and
physiologicalplausibility from the complex ICA resultsthanfrom the measurediata.
Separatiorof the stimulusevoked activity from interfering,ongoingbrain actiity by
thecomplex ICA methodappearsasthe naturalexplanationfor this obsenation.

Here,we have focusedon the analysisof individual frequeng-bands.Combining
the extractedinformation acrossseveral frequeng-bandsin which componenthave
beenfoundnearV1 shouldallow usto reconstructhefull time-domainspatio-temporal
dynamicsassociateavith visual stimulation.

In conjunctionwith previousresultsreportedon modelingthe spatio-temporatly-
namicsin EEG signalswith complex ICA [3], theresultspresentedherearea further
indicationthatcornvolutive modelsmay be usefulfor analyzingawide rangeof data.
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Fig. 1. Spatio-temporatlynamicsgeneratedy a toy-exampleconvolution model.An idealized,
delta-shapedourceactiation (left) is corvolved with severalimpulseresponse$¢‘IR”, center)
which projectthe sourceactiationto differentfMRI voxelsarrangedn aline (right). Different
time-lagsandthe temporal“smearing”introducedby the impulseresponsesesultin the mea-
suremenbf a spatio-temporgpatternat thevoxelswhichis spatiallyextendedandmovesacross
the voxel array By varying theimpulseresponsesised,morecomple spatio-temporapatterns
may easilybe generated.
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Fig. 2. Schematiaepresentationf the processingtepsof the comple frequeng-domainICA
algorithm.Voxel time-coursesrerecordedwith anfMRI scanne*fMRI”). Thecorresponding
time-frequeny representatiois computedor eachvoxel usinga (temporal)short-termFourier
tranformationg“spec”). In orderto apply the complex ICA a spatial(as opposedo temporal)
decompositioormode thedatais rearranged transpose”)sothatnumberof short-termtemporal
windows determinesnput dimenationalityand numberof voxels determinesamplesComple
ICA is performedwithin eachspectralband(“cICA”). The iterationstepsof the complex ICA
algorithmaredepictedon theright.

Fig. 3. Magnitudemap of the componentegion of activity (ROA) for complex componentiC2
obtainedby complex ICA in the 0:1-Hz frequeng-band.The ROA extendsover visual areaV1
andbloodsupplyvesselsColorsindicatecomponentagnituden theROA. Thestructuraimage
of therecordedareass plottedin darker graytones.The componenROA is interpolatedo the
higherresolutionof the structuralscanfor bettervisualization.(Note: The electronicversionof
this documentcontainscolor gures for bettervisualizationand canbe obtainedfrom the rst

author)
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Fig. 4. Magnitudemap of the componentROA for complex componentiC16 in the 0:05-Hz
band.Colorsindicatecomponenmagnituden region of actiity. Notethatin contrastto Fig. 3
theinformationis displayedat the lower spatialresolutionof the functionalrecordings.

Fig.5. Phasemap of the componentROA for complex componentiC16 in the 0:05-Hz band,
correspondingo the magnitudemap displayedin Fig. 4. Colorsindicatecomponentphasein
region of actiity.



Spatio-temporatlynamicsin fMRI recordings 13

Fig. 6. Magnitude map of the componentROA for complex componentiC2 in the 0:10-Hz
frequeng-band.Colorsindicatecomponenmagnitudein the ROA. The plot containsthe same
informationasdisplayedin Fig. 3, but shovn atthe lower resolutionof the functionalscansand
with adifferentcolormap.

Fig. 7. Phasemap of the componentROA for complex componentiC2 in the 0:10-Hz band,
correspondingo the magnitudemapdisplayedn Fig. 6. Colorsindicatecomponenphasen the
ROA. Thevoxelsmarked by abluesquaren slice4 areinvestigatedurtherin Fig. 11.
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Fig. 8. Magnitudemap of the componentROA for complex componentlC9 in the 0:15-Hz
frequeng-band.Colorsindicatecomponenmagnituden the ROA.

Fig. 9. Phasemap of the componentROA for complex componentC9 in the 0:15-Hz band,
correspondingo the magnitudemapdisplayedn Fig. 8. Colorsindicatecomponenphasen the
ROA.
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Fig. 10. Time-courseof componentmagnitudeof complex componentlC16 in the 0:05-Hz
frequeng-band(left), componentC2 at0:10 Hz (center)andcomponentC9 at 0:15 Hz (right).

Notethetime-lockingof amplitudeandphaseo stimuluspresentatiorin 25 secondsntenals,in

particularin componentC2 at 0:10 Hz. The rst andlast 10 secondf the experimentarenot
shavn becauseomputatiorof the spectralcomponentsvasstoppedvhenthe analysiswindow

(length20 s) reachedheedgesf therecording Thetime-intenal from 179.5sto 187.0saround
thelargestcomponenmagnitudepeakof IC2 (center)is investigatedurtherin gure 11.

Fig. 11. Backprojecteccomponengctivity from complex componentC2. Complex component
time-coursewas backprojectedo correspondingactivity at the voxels and transformedto the
time-domainShavn is theactivity of 24 voxelsin visualareaV1, the positionof whichis marked
by ablueboxin slice4 of Fig. 7. The ick ering-checkrboardstimuluswaspresentedor 3.0s at
experimenttime 175.0s (notshawvn). Activationstartedo increaseavith atimelag of about4.5s,
with rst increasenccuringatthe centrally-located/oxels (top rows), andpropagatedo the pos-
terior voxels (bottomrows) within approximatelyl s. Thisis compatiblewith over-suppliedoxy-
genatedblood propagatingn the posteriordirectionandbeingwashedout throughthe drainage
veinfrom areaV1.



16 Anemiller Duann,Sejnavski, Makeig
row-averaged backprojected IC at 0.1 Hz row averaged recorded signals at 0.1 Hz
60 60
N
40 177\ T
N 40 ~
Y \ \
) AN )
5 20 A\ 3
% Wy :1_1 20
E o \\ /. 5
£ 77 =
g e s
.g -20 N2 s
[ [
£ — row 1 E 20
= -40 row 2 -
— -row3
row 4 40
-60 —- row5
— -rowb6
-80 60
170 175 180 185 190 195 200 170 175 180 185 190 195 200

time (samples) time (samples)

Fig.12. Left: Averagetime-courseqearlargestcomponentpover peak(at 184.5s) for each
row of 0.1-Hzbandtime-domairbackprojected¢omponenactivationsdisplayedn Fig. 11. Row
1 correspondgo the most centrally locatedvoxels, row 6 to the posteriorones.Right: Corre-
spondingaveragetime-coursesomputedfrom the recordedactivationsin the 0.1-Hz band of
the samevoxels. For the averagelC activation (left), the voxel-rows are activatedin the order
1 (2,3) (4;5;6) with row 6 beingactivatedwith atime lag of about1 secondwith respect
torow 1. Thislag is compatiblewith blood supplypropagatingacrossthe patchin the posterior
direction. In the averagerecordedactivations(right), the voxel-rows are activatedin the order
1 2 4 (56) 3.With theexceptionof row 3, this alsoindicatesa posteriordirection of
propagationThemostposteriorvoxel-row of backprojectedomponentC2 shaws strongestc-
tivationwhichis plausiblesinceit is closesto the drainagevein. The sametendeny is foundin
the recordedsignals,but orderingof amplitudeof voxel-rows is not asmonotonousasfor I1C2.
BackprojectedC activationsmayrepresena cleanempictureof thestimulusrelatedprocesswith
respectto phase-and amplitude-gradienthecauseactivity of otherongoingbrain processess
canceledut.
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Fig. 13. Comparisorwith resultsfromstandad ICA. ROA of componentC8 obtainedwith real-
valuedinfomaxICA, superimposean the structuial image and ROA interpolatedto the higher
resolutionof the structuial scan.Similar to the component$rom comple ICA, this component
extendsover visualareaVV1 andblood supplyvesselsThelarge overlapbetweerthereal-valued
componentand the comple-valuedcomponentshownin Figs. 3 to 9 showsthat they model
the samephysiolaical (visual) process althoughthe real-valuedcomponentannottake into
accountthe spatio-tempaal dynamicge ectedin thecomple ICs.
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Fig. 14. Complex ICA componente ecting cerebro-spinal- uid (CSF)activity in vential areas.
Magnitudemapof the componenROA for complex componentC1 in the 0.05-Hzband, super
imposedn structural image andinterpolatedto its higherresolution.



