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Abstract. Independentcomponentanalysis(ICA) of functionalmagneticreso-
nanceimaging(fMRI) datais commonlycarriedout underthe assumptionthat
eachsourcemay berepresentedasa spatially�x edpatternof activation,which
leadsto the instantaneousmixing model.To allow modelingpatternsof spatio-
temporaldynamics,in particular, the �o w of oxygenatedblood,we have devel-
opeda convolutive ICA approach:spatialcomplex ICA appliedto frequency-
domainfMRI data.In several frequency-bands,we identify componentspertain-
ing to activity in primaryvisualcortex (V1) andbloodsupplyvessels.Onesuch
component,obtainedin the0:10-Hzband,is analyzedin detailandfoundto likely
re�ect �o w of oxygenatedbloodin V1.

1 Intr oduction

Thebloodoxygenationleveldependent(BOLD) contrastmeasuredby fMRI recordings
dependson thechangein level of oxygenatedbloodwith neuralactivity. ICA hasbeen
successfulat �nding independentspatialcomponentsthatvary in time [1,2], but there
mayalsobespatio-temporallydynamicpatternsin fMRI recordingsof brainactivity.

Convolutivemodelsarea way to accountfor dynamic�o w patterns.In convolutive
models,eachsourceprocessis characterizedby the spatio-temporalpatternit elicits
andby the time-courseof activationof this pattern.Thesignalaccountedfor by each
sourceprocessis obtainedby convolving the spatio-temporalsourcepatternwith its
time-courseof activation.The mixed (measured)dataareobtainedby summingover
the contributionsof all sourceprocesses.Separationof mixed activity generatedby
several of suchprocessesis not possiblefor instantaneousICA algorithmssincethe
convolutivemixing is beyondthescopeof their instantaneousmixing assumption.

Theconvolutiveseparationproblemcanbesolvedby performingall computations
in thefrequency-domainsincetheconvolutionin thetime-domainfactorizesinto amul-
tiplication in the frequency-domain.Separationis performedby applyinga complex
ICA algorithmto thecomplex-valueddatain eachfrequency-band.

The useof this procedurefor the analysisof electroencephalographic(EEG) data
has recentlybeenpresentedelsewhere [3]. Here, we presentthe applicationof the
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methodto fMRI data.Comparedto EEG data,fMRI dataare characterizedby their
high spatialresolutionat a low temporalsamplingrate.fMRI dataarecommonlyana-
lyzedby spatialICA decomposition,wheretime-pointscorrespondto inputdimensions
andvoxelsto samples.This is in contrastto temporalICA usedfor EEG,wheresensors
constituteinput dimensionsandtime-pointssamples.To applycomplex ICA to fMRI
signals,we similarly applyspatialcomplex ICA to frequency-domainfMRI data.

2 Methods

Convolutive ICA modelshave traditionallybeenin useto performblind separationof
acousticallyrecordedsignalsinto individual sources(e.g.,severalspeakers,or speaker
andnoisesource,[4,5,6]). Theconvolutivemixing modelcomesinto playthroughroom
acoustics,wherethesignalof eachspeakerhasto beconvolvedwith theroom'simpulse
responsefrom thespeaker to eachof themicrophonesto obtainthesignalat eachmi-
crophone.Theconvolutioncapturestheeffectsof theacousticenvironmentto delaythe
soundsignalduringits propagationfrom speakerto microphone,andto generateechoes
of thedirectsound.At thesensorarrays,onespeaker's signalin generalarrivesearlier
(or later)at onemicrophonethanat othermicrophones,which maybeinterpretedasa
spatialandtemporalvariability thatis introducedinto thesignalby convolution.

In thepresentcontribution,wegeneralizefrom thephysicalunderpinningsof acous-
tic wave propagation,and usethe convolutive signal propagationand superposition
modelto capturespatialandtemporaldynamicsin brainsourcesmeasuredwith aquasi-
instantaneousmeasuringprocess.We do not useconvolution to modelthe physicsof
theelectromagneticwave signalpropagation,but to endow theunderlyingsourcepro-
cesseswith the potentialfor both spatialandtemporaldynamicscompatiblewith the
neuronalandbiologicalsubstrateof theobservedbrainprocesses.

For a toy example,refer to Fig. 1, wherea delta-shapedsourceactivation is con-
volvedwith severalimpulseresponsesfrom thesourceto differentvoxels.Theimpulse
responsesessentiallycorrespondto a setof differentdelays(togetherwith a temporal
smearing)andgive rise to the sensationof a moving patternthat changesits spatial
positionat thevoxelswith time:aspatio-temporallydynamicsourceprocess.Notethat
while a singlesourceis suf�cient to accountfor theprocesswith a convolutionmodel,
this would not be possiblewith an instantaneous(i.e., multiplicativebut not convolu-
tive) model.At best,multiple spatially �xed source processes,with mutuallydifferent
spatial foci and shiftedtemporal activations,could achieve a similar goal, however,
sacri�cing their independenceandarti�cially in�ating thenumberof sources.

For theseparationof severalspatio-temporaldynamicsources,differentsourceac-
tivationseachwith adifferentsetof impulseresponseswouldbeused.Fromthesensor
data,it is only possibleto reconstructthesourceactivationup to anunknown convolu-
tion: In our toy example,the“temporalsmearing”couldbeincorporatedinto thesource
activationratherthantheimpulseresponsesof thesensorswithout changingthevoxel
signals.Despitethis ambiguity, thepatterneachindividual sourceevokesat thevoxels
is uniquelydetermined.

Underconvolutive ICA, the usualconceptof a spatially �x ed sourceis replaced
by a moreabstractsourceprocesswith spatialand temporaldynamics,andour goal
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is to isolateportionsof the recordeddataattributableto individual sourceprocesses.
However, a sourceprocesscanin any caseonly beobservedby meansof thesignalsit
contributesto themeasurement,i.e., thespatialandtemporalvoxel activationpatterns
producedby the sourceprocess(correspondingin our acousticanalogto that part of
the acousticsignal recordedat all microphonesproducedby an individual speaker).
Thesourceactivation(e.g.,thespeaker's vocalsourcesignal)maynot have a concrete
biologicalcounterpartin theanalysisof brainsignals.

We note that the use of convolutive modelsto extract componentswith spatio-
temporal dynamicsshould not be confusedwith the “spatiotemporal ICA” method
[7], that extractsstatic (non-convolutive)componentsusingan instantaneousmixing
model.

Becauseof theequivalenceof time-domainconvolutionandfrequency-domainmul-
tiplication, the convolutive sourcesuperpositioncan be expressedin the frequency-
domainasa multiplicationof spectralrepresentationsof measuredsignals,sourceac-
tivations,andimpulseresponses.As spectraltransformsof all threequantitiesare in
generalcomplex-valued,a complex ICA method[3,8] is usedto separatethe time-
frequency representationsof the voxel activationsinto independentcomponents.The
mainstepsof themethodareillustratedin Fig. 2.

Considermeasuredsignalsxti , wheret denotestime and i denotesvoxels. Their
spectraltime-frequency representationsxTi ( f ) arecomputedusingtheshort-termFourier
transformation

xTi ( f ) = å
t

xi(T + t )h(t ) e� i2p f t =2K (1)

where f denotescenterfrequency, andh(t ) is a Hanningwindow centeredat time T.
Usually, spectraltransformsarecomputedat a subsetof time-points(“T”) of theorigi-
naltime-domaindatameasurements(indicatedby “t”). Hence,dataof size[timest � voxelsi]
aretransformedinto dataof size[timesT � voxelsi � frequenciesf ].

For eachfrequency band f , the signalsare modeledto be generatedfrom inde-
pendentsourcessTi ( f ) by multiplication with frequency-speci�c mixing coef�cients
aTT0( f ),

xTi ( f ) = å
T0

aTT0( f ) sT0i( f ); (2)

which in matrix notationreads

X( f ) = A( f ) S( f ): (3)

Complex ICA separatesthedatainto independentcomponentsusingthelinearprojec-
tion

U( f ) = W( f ) X( f ); i.e., (4)

uTi( f ) = å
T0

wTT0( f ) xT0i( f ); (5)

whereuTi( f ) andwTT0( f ) representcomplex spatialcomponentpatternsandthesepa-
ratingmatrix, respectively.

Hence,asin real-valuedICA for fMRI signals,a spatialICA decompositionis per-
formed,wheretime-pointscorrespondto input dimensionsandvoxelsto samples.For
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eachfrequency-band,weobtainasetof complex-valuedindependentcomponents,their
numberlimited by thenumberof temporalwindowsT0. Eachis characterizedby its as-
sociatedcomplex time-courseaT0( f ) andcomplex-valuedspatialpatternsT0( f ), with
T0denotingcomponentnumber.

Thecomplex ICA algorithm employedhere is a generalization of the real-valued
infomaxICA algorithm[9] andwas�r st derivedvia a maximum-likelihoodapproach
[10], for a detailedexpositionsee[3,8]. Theresultingupdaterule wasproposedearlier,
albeitwithoutderivation,by [11], andlater derivedindependentlyby [12,13]. Alterna-
tive complex ICA algorithmshavebeenproposedby, e.g., [14,15,16,17].

Thederivationof thecomplex infomaxalgorithmemployedis brie�y summarized
below. Sourcesaremodeledascomplex randomvariableswith a circular symmetric,
super-Gaussianprobabilitydensityfunction.Becauseof circularsymmetry, theproba-
bility densitycorrespondingto thecomplex sourcevalues dependsonly on the (real-
valued)magnitudejsj of s,

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

The assumptionof a super-Gaussianpdf resultsin the real and imaginarypartsof s
not being independentof eachother. Analysis of the statisticsof frequency-domain
fMRI dataexhibitsa positivekurtosisandstronglyindicatesthattheseassumptionsare
ful�lled.

MatricesW( f ) arefoundby maximizingthe log-likelihoodL(W( f )) of themea-
suredsignalsX( f ) givenW( f ), which in termsof thesourcedistributionPs is

L(W( f )) = hlogPx(X( f )jW( f )) i i = logdet(W( f )) + hlogPs(W( f ) X( f )) i i ; (7)

whereh�ii denotesexpectationcomputedasthe sampleaverageover all voxels i. We
performmaximizationbycomplex gradientascentonthelikelihood-surface.The(T;T0)-
elementdwTT0( f ) of thegradientmatrixÑW( f ) is de�ned as

dw0
TT0( f ) =

�
¶

¶ÂwTT0( f )
+ i

¶
¶ÁwTT0( f )

�
L(W( f )) ; (8)

where¶=¶ÂwTT0( f ) and¶=¶ÁwTT0( f ) denotedifferentiationwith respectto the real
and imaginarypartsof matrix elementwTT0( f ), respectively. Using naturalgradient
optimization[18], this resultsin

Ñ̃W( f ) = ÑW( f ) W( f )H W( f ) =
�
I � V( f ) U( f )H �

W( f ); (9)

whereV( f ) is anon-linearfunctionof thesourceestimatesU( f ):

vTi ( f ) = sign(uTi( f )) g(juTi ( f )j); (10)

sign(z) =

(
0 if z= 0,

z=jzj if z6= 0.
(11)

I denotestheidentitymatrixandthefunctiong(�) : R ! R is areal-valuednon-linearity,
chosenasg(x) = tanh(x).
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3 Results

Theexperimentaldatawerefrom a250sexperimentalsessionconsistingof tenepochs
with stimulusonsetasynchrony (SOA) of 25 s.An 8-Hz �ick eringcheckerboardstim-
uluswaspresentedto onesubjectfor 3:0 s at thebeginningof eachepoch.Thesubject
wasrequestedto �xate aredcrossin thecenterof thevisual�eld betweenstimulations.
500 time-pointsof datawererecordedat a samplingrateof 2 Hz (TR=0.5)with reso-
lution 64� 64� 5 voxels,�eld-of-view 250� 250mm2, slicethickness7 mm,5 slices.
fMR imageswere recordedwith a 3 teslaMedspec30/100scanner(Bruker Mediz-
intechnikGmbH, Ettlingen,Germany) at the IntegratedBrain ResearchUnit (IBRU)
of Taipei VeteransGeneralHospital,Taipei,Taiwan.A structuralT1-weightedimage
with a resolutionof 256� 256voxelswasrecordedwith thesameslicepositionsasthe
functionalimages.

In a preprocessingstep,therecordedimagesweresubjectedto slicetiming adjust-
ment,which compensatedfor therecordingtime differencebetweenindividual slices.
Off-brain andlow-intensityvoxelswereidenti�ed andremovedby thresholdinginten-
sitiesof thestructuralimage,reducingthenumberof voxels in the functionalimages
by about86% (from 20480to 2863).For moreexperimentdetailsrefer to [19]. The
dataof thisexperimentandthepreprocessingroutinesarefreelyavailableaspartof the
FMRLAB toolboxfor ICA analysisof fMRI data[20].

SpectraldecompositionwasperformedusingthewindoweddiscreteFourier trans-
formation(1) with aHanningwindow of length40samples,awindow shift of 1 sample,
andfrequency-bands0:05; 0:10; : : : ; 1:00 Hz. This resultedin datasplit into 20 bands,
eachwith 461time-pointsand2863voxels.

Spatialcomplex ICA decompositionwasperformedwithin eachfrequency-band.
In a preprocessingstep,input dimensionalityin eachbandwasreducedfrom 461to 50
by retainingonly the subspacespannedby the (complex) eigenvectorscorresponding
to the50 largesteigenvaluesof thedatamatrix X( f ). Complex ICA decomposedthis
subspaceinto 50complex independentcomponentsperband.

Motivatedby previous resultsof real-valuedinfomax ICA on the samedata[19],
we wereinterestedin componentswith a region of activity (ROA) nearprimaryvisual
cortex V1. Onesuchcomponentwas found in several low-frequency spectralbands,
with a time-courseof activationthatre�ectedtheSOA of thevisualstimulus.

Spatialandtemporalactivationpatternsassociatedwith visualstimulationaredis-
playedin �gures 3–10for frequency bands0:05Hz,0:10Hzand0:15Hz.Beingderived
by complex ICA, bothspatialandtemporalbasesarecomplex-valued.Thespatialpat-
ternsaredisplayedwith separatemagnitudeandphaseplots.For thetemporalactivation
patterns,magnitudeis themostinformativepartanddisplayedhere.

As canbeseenfrom thespatialpatternmagnitudeplots(�gures 3, 4, 6, 8), all com-
ponentsincludeactivation of the primary visual area,mostobvious in slices3 and4
of eachcomponent.This is bestseenin Fig. 3, wherethe functional imageof com-
ponentIC2 in the0:10-Hz frequency band(cf. Fig. 6) hasbeeninterpolatedto higher
resolutionandsuperimposedon thestructuralimage.TheROAs in all threefrequency
bandscoincideremarkablywell, even thoughcomplex ICA wasrun independentlyin
eachfrequency band.Phasein thevisualareas(�gures 4, 7, 8) exhibitssmoothchanges
(“gradients”), investigatedin more detail below. It shouldbe notedthat smoothness
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of the phase-and magnitude-variationacrossspaceis not “built-in” to the complex
ICA algorithm,which ratherallowsarbitraryvariationsof phaseandmagnitudeacross
neighboringvoxels.

Magnitudeof the complex-valuedactivation time-coursere�ects the sequenceof
visualstimulationin intervalsof 25s.Thetemporalstimulationpatternis bestcaptured
by thecomponentin the0:10-Hzband(Fig. 10,center),which hascomponentnumber
2, i.e., it is the second-largestcomponentin this spectralbandin termsof the signal
varianceit explains.This componentremarkablywell capturesexclusively thepattern
of visual stimulation.The componentsin the 0:05-Hz and 0:15-Hz frequency bands
(componentnumbers16 and9, respectivley) re�ect the stimulationsequencewith a
lowerdegreeof reliability, possiblya resultof thesmallerstrengthin termsof variance
accountedfor (Fig. 10, left andright).

Becauseof its ROA nearV1, its strengthandits reliabletime-lockingof component
activity to stimuluspresentation,we chosecomponentnumber2 (IC2) in the0:10-Hz
bandfor moredetailedexamination.Figures3 and6 displaythemagnitudeof thecom-
plex spatialcomponentmapof IC2 in theROA of the � ve recordingslices.TheROA
wasdeterminedfrom z-scoresof thecomponentmapby transformingeachcomponent
mapto zeromeanandunit variance,andsettingaheuristicthresholdof 1:5. Theextent
of IC2 from thecentrallylocatedmainbloodvesselsto primaryvisualcortex is clearly
visible, in particularin slices3 and4. Thecomplex component's phasein theROA is
displayedin Fig. 7. Slices3 and4 displaya phaseshift from theupperleft borderof
the componentROA imagetowardsthe lower right border. The phaseshift indicates
a time lag in the activation of the componentvoxels whentransformedbackinto the
time-domainwhich will befurtherinvestigatedbelow. Fig. 10 shows magnitudeof the
component's time-courseof activation.Componentmagnitudeclearly re�ects thepat-
tern of visual stimulationwith an SOA of 25 s, with peaksin amplitudethat follow
stimulationwith a time lagof about9 s,anda highdynamicrangebetweencomponent
activity andinactivity.

Complex voxel activity inducedby thecomponentmaybeobtainedby backproject-
ing the complex time-courseto the complex spatialmap,i.e., by forming theproduct
aT0( f ) sT0( f ), whereT0denotescomponentnumber, aT0( f ) thecorrespondingcolumn
of themixing matrixA( f ), andsT0( f ) thecorrespondingrow of thesourcematrixS( f ).
Transformingthe complex frequency-domainvoxel activity to the real time-domain
reduces—inthecaseof awindow-shift of onesampleandasinglefrequency-band—to
taking the real-part.We performedthesestepsto analyzetime-domainvoxel activity
inducedby thecomponentnearthelargestcomponentmagnitudepeakbetween179:5 s
and187:0 s of theexperiment.Fig. 11 displaystheactivity within a patchof 24 vox-
els locatedin recordingslice4, markedby a bluesquarein Fig. 7. Following stimulus
presentationat 175:0 s,activity in thepatchstartedto increasewith a time lagof about
4.5s,�rst in thevoxelsmostcentrallylocatedin thebrain(toprow of voxelsin eachplot
of Fig.11),andpropagatingwithin about1 sto theposteriorvoxelsof to primaryvisual
cortex (bottomrow in eachplot of Fig. 11).Analogously, voxel activity decreased�rst
in thetoprow of voxelsbeforedecreasingin thebottomrows.

To investigatewhethersimilartimelageffectscanbefoundwithoutICA processing,
we alsocomputedthe0:10-Hzbandactivity of therecordeddataat the24 voxelsthat
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have beeninvestigatedin Fig. 11,usingthesamespectraldecompositionthathasbeen
usedfor thecomplex ICA decomposition.Activity accountedfor by recordeddataand
by IC2 wasseparatelyaveragedwithin eachvoxel row, startingwith row 1 for themost
centrallylocatedvoxels,andup to row 6 for thevoxels in theposteriorposition.The
resultingaveragesareplottedin Fig. 12 for recordeddataandfor componentinduced
activity. Sincethesignalsareband-limited,we obtainoscillatoryactivity with positive
andnegative swings.The analysisof relative time lagsandamplitudesnearthe peak
of componentmagnitude(at 184.5s) is not in�uenced by this fact. In the component
inducedactivity, themorecentrallylocatedvoxelsareactivatedbetween0:5 sand1:0 s
prior to theposteriorvoxels.Thetime lag increasesmonotonouslywith moreposterior
voxel position.This gradientof posteriorvoxelsbeingactivatedlater thanthe central
voxelsisalsore�ectedin theactivity of therecordedvoxelssignals.However, thevoxels
in row 3 form anexceptionsincetheir extremalactivationoccursevenafter theposte-
rior voxelsareactivated.Theanalysisof activationamplitudesin Fig. 12 givessimilar
results:Thecomponentinducedamplitudeincreasesmonotonouslytowardsmorepos-
terior voxel position.Overall, this tendency is alsofound in the recordedsignals,but
someexceptionsoccur, e.g.,amplitudein row 2 is smallerthanin row 1.

To compare the complex ICA resultswith thoseobtainedby standard ICA, real-
valuedinfomaxICA as implementedin the FMRLABtoolbox[19] wasappliedto the
samedatain thetime-domain.Amongtheresultingindependentcomponents,wefound
one(andonlyone)componentwhoseROA (Fig. 13)highlymatchestheROA of thecom-
plex ICA componentsaccountingfor visualareaactivity, aspresentedin Figures3 to 9.
Thesamevision-relatedphysiological processis modeledby the differentalgorithms,
albeit thespatio-temporal dynamicsnecessarilyis neglectedin themodelobtainedwith
standard ICA. Thisexampleindicatesthat complex convolutiveICA is not only a gen-
eralization of standard ICA in termsof the underlyingmathematics.It may also be
regardedas a generalization in termsof resultsobtainedfrom real-world data where
complex ICA identi�essimilar underlyingprocessesandmodelsthemat greaterdetail.

A componentobtainedby complex ICA pertaininga non-visionrelatedprocessis
displayedin Fig. 14. ThecomponentROA in the0.05-Hzbandclearly re�ects activity
relatedto cerebrospinal�uid (CSF)in ventricularareas.Hence, complex ICA success-
fully isolates�ow artifactsfromCSFactivity into a separatecomponent.Similar com-
ponentsare oftenobservedin standard ICA decompositionsof fMRI dataandare also
presentin thedecompositionof thisdatasetwith real-valuedICA (datanotshownhere),
reinforcing theview that complex ICA �nds componentsgeneratedby thesamephysio-
logical processesthat are extractedby real-valuedICA analysis.Anyresidualoverlap
of thepreviouslydiscussedvision-relatedcomponentswith ventral areasis attributedto
a partial volumeeffectof thebrain voxelssurroundingventral areasandto thespatial
resolutionof thefMR imageacquisition.

4 Discussionand conclusion

WeanalyzedfMRI signalsusingaconvolutiveICA approachwhichenabledustomodel
patternsof spatio-temporaldynamics.Parametersfor this modelwereef�ciently esti-
matedin the frequency-domainwherethe convolution factorizesinto a product.Our
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methodconsistsof threeprocessingstages:1) Computingtime-frequency representa-
tions of the recordedsignals,usingshort-termFourier transformation.2) Separation
of the measuredsignalsinto independentcomponentsusingspatialcomplex infomax
ICA in eachfrequency-band.3) Computingthecorrespondingdynamicvoxelactivation
patterninducedby eachindependentcomponentin thetime-domain.

Fromdataof a visual stimulationfMRI experimentwe obtainedcomplex compo-
nentsin the0:05-Hz,0:10-Hzand0:15-Hzbandswith componentmapROAs extend-
ing acrossprimaryvisualcortex andits bloodsupplyvessels.Thespatialextentof the
componentswasremarkablysimilaracrossfrequencies,showing thatthesecomponents
capturedasinglephysiologicalsource'spropertiesin differentspectralbands.

In-depthanalysisfocusedon thecomponentobtainedin the0:10-Hzband.By re-
constructingthe spatio-temporalactivation patternaccountedfor by this component,
we identi�ed a time lag of about1 s betweenactivationof centralandposteriorvox-
els.A relatedtime lag, but distributedlessregularly, couldbe observed in the0:1-Hz
frequency-bandof themeasuredsignals.Theamplitudeof component-inducedvoxels
activationsincreasedin the posteriordirection.Also this trend could be seenin the
recordedsignals,but it waslesssystematicthanfor theICA processedsignals.

Bothobservationsarecompatiblewith thephysiologyunderlyinggenerationof the
fMRI signal.The posteriorvoxels in the componentROA arethe onesclosestto the
posteriordrainagevein. The convergenceof over-suppliedoxygenatedblood towards
the drainagevein may thereforeresult in the large amplitudesfor thesevoxels. The
temporaldelaybetweenactivationof centralandposteriorvoxelsis consistentwith the
propagationof over-suppliedoxygenatedblood from the centrally locatedarteriesto
the posteriordrainagevein. Similar temporaldelayshave beenobservedfrom optical
recordingsof intrinsic signals,relatedto blood oxygenation,in monkey visual cortex
[21].

Theseresultsmay indicatethat frequency-domaincomplex infomaxICA cancap-
ture patternsof spatio-temporaldynamicsin the data.It is reassuringthat similar dy-
namicscouldalsobeobservedin therecorded(mixed)signals,makingthepossibility
of the complex ICA resultsbeingmereprocessingartifactsimplausible.On theother
hand,the spatio-temporaldynamicsemergedwith a higher degreeof regularity and
physiologicalplausibility from thecomplex ICA resultsthanfrom themeasureddata.
Separationof thestimulusevokedactivity from interfering,ongoingbrain activity by
thecomplex ICA methodappearsasthenaturalexplanationfor this observation.

Here,we have focusedon theanalysisof individual frequency-bands.Combining
the extractedinformationacrossseveral frequency-bandsin which componentshave
beenfoundnearV1 shouldallow usto reconstructthefull time-domainspatio-temporal
dynamicsassociatedwith visualstimulation.

In conjunctionwith previousresultsreportedon modelingthespatio-temporaldy-
namicsin EEG signalswith complex ICA [3], the resultspresentedherearea further
indicationthatconvolutivemodelsmaybeusefulfor analyzingawide rangeof data.
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surementof aspatio-temporalpatternat thevoxelswhich is spatiallyextendedandmovesacross
thevoxel array. By varying theimpulseresponsesused,morecomplex spatio-temporalpatterns
mayeasilybegenerated.
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Fig.2. Schematicrepresentationof theprocessingstepsof thecomplex frequency-domainICA
algorithm.Voxel time-coursesarerecordedwith anfMRI scanner(“fMRI”). Thecorresponding
time-frequency representationis computedfor eachvoxel usinga (temporal)short-termFourier
tranformations(“spec”). In orderto apply the complex ICA a spatial(asopposedto temporal)
decompositionmode,thedatais rearranged(“transpose”)sothatnumberof short-termtemporal
windows determinesinput dimenationalityandnumberof voxelsdeterminessamples.Complex
ICA is performedwithin eachspectralband(“cICA”). The iterationstepsof the complex ICA
algorithmaredepictedon theright.

Fig.3. Magnitudemapof thecomponentregion of activity (ROA) for complex componentIC2
obtainedby complex ICA in the0:1-Hz frequency-band.TheROA extendsover visualareaV1
andbloodsupplyvessels.Colorsindicatecomponentmagnitudein theROA. Thestructuralimage
of therecordedareasis plottedin darker graytones.ThecomponentROA is interpolatedto the
higherresolutionof thestructuralscanfor bettervisualization.(Note:Theelectronicversionof
this documentcontainscolor �gures for bettervisualizationandcanbe obtainedfrom the �rst
author.)
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Fig.4. Magnitudemap of the componentROA for complex componentIC16 in the 0:05-Hz
band.Colorsindicatecomponentmagnitudein region of activity. Note that in contrastto Fig. 3
theinformationis displayedat thelower spatialresolutionof thefunctionalrecordings.

Fig.5. Phasemapof the componentROA for complex componentIC16 in the 0:05-Hz band,
correspondingto the magnitudemapdisplayedin Fig. 4. Colors indicatecomponentphasein
region of activity.
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Fig.6. Magnitudemap of the componentROA for complex componentIC2 in the 0:10-Hz
frequency-band.Colorsindicatecomponentmagnitudein theROA. Theplot containsthesame
informationasdisplayedin Fig. 3, but shown at thelower resolutionof thefunctionalscansand
with adifferentcolormap.

Fig.7. Phasemap of the componentROA for complex componentIC2 in the 0:10-Hz band,
correspondingto themagnitudemapdisplayedin Fig. 6. Colorsindicatecomponentphasein the
ROA. Thevoxelsmarkedby a bluesquarein slice4 areinvestigatedfurtherin Fig. 11.
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Fig.8. Magnitudemap of the componentROA for complex componentIC9 in the 0:15-Hz
frequency-band.Colorsindicatecomponentmagnitudein theROA.

Fig.9. Phasemap of the componentROA for complex componentIC9 in the 0:15-Hz band,
correspondingto themagnitudemapdisplayedin Fig. 8. Colorsindicatecomponentphasein the
ROA.
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Fig.10. Time-courseof componentmagnitudeof complex componentIC16 in the 0:05-Hz
frequency-band(left), componentIC2 at 0:10Hz (center)andcomponentIC9 at0:15 Hz (right).
Notethetime-lockingof amplitudeandphaseto stimuluspresentationin 25secondsintervals,in
particularin componentIC2 at 0:10 Hz. The�rst andlast10 secondsof theexperimentarenot
shown becausecomputationof thespectralcomponentswasstoppedwhentheanalysiswindow
(length20s)reachedtheedgesof therecording.Thetime-interval from 179.5sto 187.0saround
thelargestcomponentmagnitudepeakof IC2 (center)is investigatedfurtherin �gure 11.

Fig.11. Backprojectedcomponentactivity from complex componentIC2. Complex component
time-coursewas backprojectedto correspondingactivity at the voxels and transformedto the
time-domain.Shown is theactivity of 24voxelsin visualareaV1, thepositionof whichis marked
by abluebox in slice4 of Fig. 7. The�ick ering-checkerboardstimuluswaspresentedfor 3.0sat
experimenttime175.0s(notshown). Activationstartedto increasewith atimelagof about4.5s,
with �rst increaseoccuringat thecentrally-locatedvoxels(top rows),andpropagatedto thepos-
teriorvoxels(bottomrows)within approximately1 s.This is compatiblewith over-suppliedoxy-
genatedbloodpropagatingin theposteriordirectionandbeingwashedout throughthedrainage
vein from areaV1.
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Fig.12. Left: Averagetime-coursesnearlargestcomponentpower peak(at 184.5s) for each
row of 0.1-Hzbandtime-domainbackprojectedcomponentactivationsdisplayedin Fig. 11.Row
1 correspondsto the mostcentrally locatedvoxels, row 6 to the posteriorones.Right: Corre-
spondingaveragetime-coursescomputedfrom the recordedactivationsin the 0.1-Hz bandof
the samevoxels. For the averageIC activation (left), the voxel-rows areactivatedin the order
1 � (2;3) � (4;5;6) with row 6 beingactivatedwith a time lag of about1 secondwith respect
to row 1. This lag is compatiblewith bloodsupplypropagatingacrossthepatchin theposterior
direction.In the averagerecordedactivations(right), the voxel-rows areactivatedin the order
1 � 2 � 4 � (5;6) � 3. With the exceptionof row 3, this also indicatesa posteriordirectionof
propagation.Themostposteriorvoxel-row of backprojectedcomponentIC2 shows strongestac-
tivationwhich is plausiblesinceit is closestto thedrainagevein.Thesametendency is foundin
the recordedsignals,but orderingof amplitudeof voxel-rows is not asmonotonousasfor IC2.
BackprojectedIC activationsmayrepresentacleanerpictureof thestimulusrelatedprocesswith
respectto phase-andamplitude-gradient,becauseactivity of otherongoingbrain processesis
canceledout.
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Fig.13.Comparisonwith resultsfromstandard ICA. ROA of componentIC8 obtainedwith real-
valuedinfomaxICA, superimposedon thestructural image andROA interpolatedto thehigher
resolutionof thestructural scan.Similar to thecomponentsfromcomplex ICA, this component
extendsovervisualareaV1andbloodsupplyvessels.Thelarge overlapbetweenthereal-valued
componentand the complex-valuedcomponentsshownin Figs. 3 to 9 showsthat they model
the samephysiological (visual) process,althoughthe real-valuedcomponentcannottake into
accountthespatio-temporal dynamicsre�ectedin thecomplex ICs.
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Fig.14. Complex ICA componentre�ecting cerebro-spinal-�uid (CSF)activity in ventral areas.
Magnitudemapof thecomponentROA for complex componentIC1 in the0.05-Hzband,super-
imposedonstructural image andinterpolatedto its higherresolution.


