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ABSTRACT

Independentcomponentanalysis(ICA) of functionalmag-
neticresonanceimaging(fMRI) datarevealsspatiallyinde-
pendentpatternsof functionalactivation. Thepurelydata-
drivenapproachof ICA makesstatisticalinferencedifficult.
The purposeof this studywasto developa hybrid ICA in
thefrequency domainthatenablesstatisticalinferencewhile
preservingadvantagesof a data-drivenICA. Threenormal
volunteerswerescannedwith fMRI while they performeda
working memorytask. Their datawereanalyzedwith fre-
quency domainhybrid ICA. In eachof thesubjects,thepat-
ternsof activationcorrespondedto areasexpectedto beac-
tive during the fMRI task. This investigationdemonstrates
thata hybrid ICA in thefrequency domaincanstatistically
map functional activation while preservingthe ability of
ICA to blindly separatenoisesourcesfrom thedata.

1. INTRODUCTION

Independentcomponentanalysis(ICA) [1] is a methodfor
factoringprobabilitydensitiesof measuredsignalsinto aset
of densitiesthatareasstatisticallyindependentaspossible
under the assumptionsof a linear model. ICA hasbeen
appliedto functionalmagneticresonanceimaging (fMRI)
data[2]. ICA of fMRI datarevealsspatially independent
patternsof functional activation. The chief advantageof
ICA is thatassumptionsabouttheexpectedfMRI response
are not needed. However, when comparedto traditional
fMRI analysistechniques,ICA hasdisadvantages. First,
thereis noframework for testingstatisticalhypotheses.The
lackof framework makesit difficult to determineif aninde-
pendentcomponent(IC) is relatedto thefMRI taskor stim-
ulus. In an ICA of fMRI datathe investigatordetermines,
by inspection,if an IC is task-related.This methodlacksa
quantitative measureof theconfidencein the IC andintro-
ducesuserbias. Second,the numberof channelsis equal
to the numberof brain volumesimagedduringa scanses-
sion.An experimentwith � timepointshas� channelsand,
therefore,� ICs after processing.In an fMRI experiment,

Thanksto theWhitaker Foundationfor Funding.
Note: All imagesaredisplayedin theright� left convention.

� is often several hundred.This meansthat the usermust
inspectasmany asseveralhundredICs to selectthesignif-
icant activation maps. Third, Langeet al. [3] determined
with ROC (receiver operatingcharacteristics)analysisthat
for commonfMRI signals,ICA hasa rateof accuracy for
detectingactivationsin fMRI datasetsthatis approximately
one-fourththerateof regressionanalysis.

Despitethe problemsof ICA of fMRI data,a role for
ICA maybede-noising.Sincetheprobabilitydistributions
of fMRI noisearedifferentfrom thesignalsof interest,ICA
caneasilyseparatethem. Oneapproachto utilize ICA to
accountfor noisesourcesin fMRI datahasbeenproposed.
Hybrid ICA (HYBICA) combinesthedata-drivenapproach
of ICA with thehypothesis-drivenapproachof linearregres-
sion in the time domain[4]. FMRI data,

�
, a matrix with�

time pointsby � voxels, are linearly modeledwith a set
of hypothesizedregressors,� . Theinverseof theunmixing
matrix,W, containstime coursesthatcorrespondto eachof
theICs. In HYBICA, ���
	 , is thesetof regressorsusedto
modelthedata:

��� � �
	����� �����
where��������� �"!
#$� and  is aparametermatrixcontaining
parametersfor eachvoxel in a brainvolume.Thematrix is
estimatedwith leastsquaresmethods.

Thecolumnsof ���%	 arecombinedby projectinga ref-
erencefunctionontothesubspaceof &(' spannedby thefirst)

columnsof ���
	 . After eachcombination,a new model
for

�
is fit andthemodelis evaluatedwith acrossvalidation

technique.Themodelthatminimizesthis erroris selected.

HYBICA assumesa priori thattheexacttiming of both
the subject’s responseandher/hishemodynamicresponse
to the experimentalcondition is known. This knowledge
is representedin thereferencefunction for theexperiment.
In practice,theseparametersvary from onesubjectto the
next. In thissituation,thefrequency of theresponsemaybe
a bettercriterion sinceit is independentof the phase.The
purposeof this studywas to proposeandevaluatea form
of HYBICA in thefrequency domain(fHYBICA) for fMRI
data.
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2. MATERIALS AND METHODS

2.1. Scan Parameters

Functionalimageswereacquiredwith a 1.5T commercial
MRI scannerequippedwith 40mT/m gradients. The spe-
cific parameterswere:20coronalslicelocationswith whole
braincoverage;slicethickness7mm;slicegap1mm;64 *
64pixel imagematrixwith anin-planeresolutionof 3.75mm* 3.75mm;field of view 240mm,TR/TE 2000/40ms;flip
angle + �-, . A setof high-resolutionSPGRanatomicimages
wasalso acquiredfrom eachsubjectfor functional image
coregistration.

2.2. fMRI Paradigm

Threenormalvolunteerswerescannedwhile they performed
a working memorytask. The protocol usedin this study
wasapprovedbyourinstitution’sinternalreview board.The
paradigmconsistedof a 16 secondrestperiodfollowedby
ten sequentialblocks. Eachblock consistedof the follow-
ing text for thefollowing times: “Memorize,” 2s;a random
sequenceof eightletters,4s;“Remember,” 8s;“Recall,” 2s;
presentationof asingleletter, 2s;“Relax,” 12s.If thesingle
letterwascontainedin theprevioussequenceof letters,the
subjectwasinstructedto squeezea pneumaticbulb. Previ-
ously seenlettersandfoils wererandomlyassignedto the
taskblocks. The paradigmwaspreparedwith a computer
presentationsoftwarepackagedesignedfor psychophysical
applications.ThewordswereLCD-projectedontoa screen
attachedto thescannertablenearthe feetof thevolunteer.
Thetext wasvisible with a mirror attachedto thescanner’s
RFheadcoil.

2.3. Image Processing

The first four functionalscansfor eachslice locationwere
discardeddue to incompletesaturationof the signal. The
AFNI package[5] wasusedto co-registerthefunctionalim-
ages.The co-registeredfunctional imageswereprocessed
with anICA algorithm[6] afteraprincipalcomponentanal-
ysis(PCA) reduction(preserving99.99%of thevariancein
thedata)to determinespatiallyindependentpatternsof acti-
vationandtheircorrespondingtimecourses.A squarewave
that capturedthe timings of the periodsof eachblock was
convolvedwith aroughapproximationof thehemodynamic
response.A periodogram,. , of theconvolvedsquarewave
wasusedasthereferencefunction. Thetime courses���%	
determinedfrom ICA were linearly detrendedand trans-
formedto the frequency domain.Theperiodograms,/ , of
thesetime courseswerecomputedandthenorderedbased
on their correlationto thereferencefunction . suchthat:

/ �10 2 	 � 2 # �$34343
� 2 '65 �879�

where: ;=<?> � 2 	 � . � :A@B: ;=<?> � 2 # � . � :A@ 34343 @B: ;=<?> � 2 ' � . � :DC �8E9�
In fHYBICA, the columnsof / provide the basisfor

a linear regressionmodel of the data. Somecolumnsof/ correspondto noiseandotherscorrespondto a response
from the fMRI experiment. Presumablythe columnswith
greatestcorrelationto . have the greatestrelationshipto
the fMRI task. To distinguishbetweenthe task-relatedre-
gressorsandtheconfounds(i.e., noisesources),/ is parti-
tioned: / �F0 /HG : / 'I� G 5 ��J-�
Thefirst

)
columnsaretask-relatedandthelast

��K )
columns

areconfounds.To increasethe numberof degreesof free-
domin themodel,the /HG columnsarecombinedinto a sin-
gle task-relatedregressor, .LG . Thetask-relatedregressoris
computedby projectingthe referencefunction . onto the
subspaceof &M' spannedby thecolumnsof / G :

.NG � /MG � /POG /MG � �
	 /POG . �6Q=�
Theregressorsof interestin fHYBICA arethecolumnsof:

/MR �10 . G : / 'I� G 5 �8S9�
Thechoiceof

)
is determinedempiricallyby evaluating

all possiblechoicesof
)
, namely

) � �9�"7 �4343$3 � . When
) �

� , nocolumnsof / arecombined(i.e., themodelis entirely
data-derived). Conversely, when

) � �
, all columnsare

combinedand,consequently, . GUT ' � . . In this situation,
no data-derivednoisesourcesaremodeledandtheresultis
a standardregressionmodel in the frequency domain. A
criterion for

)
wasadaptedfrom [4]. For eachchoiceof

)
,

a parameter,  G , for themodel:��� /MR  G �V� �IWX�
is estimatedwith a leastsquarestechnique. Y G is a matrix
thatcontainsparameterestimatesfor eachvoxel. Theselec-
tion of theoptimal

)
is basedon:

Z\[^]G`_ �87 K : ;=<?> � .NG � . � : � �8a9�
where_ is ameasureof thePRESSstatistic(PredictedResid-
ual Sum of Squares)[4], a leave-one-outcross-validation
errormeasure.Thiscriterionrepresentsa trade-off between
fitting well the expectedresponse. and generalizingto
novel data.

2.4. Statistical Inference

Statisticalinference[7] is madeon the first row of the pa-

rameterestimate Y%bdc4efDg correspondingto theoptimal
)
. The

null hypothesisis h\ikj %b"cUe	 g � �mlkn . This impliesthat the
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task-relatedregressor. bdc4e is unrelatedto thedata.Thetest
statistico is definedas:

oBj � Ypbdc4e	 gq Y! #g=r 	d	
� + �

wherethe varianceis estimatedfrom the n -th diagonalofY! # � 	s � G�t 	 � � K / R Y%b"cUe	 g � O � � K / R Y%b"cUe	 g � and r 	"	 �0 � / OR / R � �%	 5�	d	 . Theteststatistic o �vu$wyx T s � G�t 	 is sam-
pledfrom Student’s u density, where� � �

is thenumberof
rows in /MR . Statisticalmapsof o @ Q weregeneratedand
co-registeredwith anatomicimagesto displaytask-related
areasof thebrain.

3. RESULTS

The fHYBICA successfullymappedtask-relatedareasin
thefrontal lobe,temporallobe,andvisualcortex in all sub-
jects. PCA reducedthe dimensionof eachdatasetby ap-
proximately50%for eachsubject.Theoptimalnumbersof
combinedcomponentsdeterminedwith the error measure
in equation(8) for thethreesubjectswere110,58, and59.
Fig.1 showsaplot of theerrormeasureandtheoptimaltask
regressorfor a singlesubject. The error decreasesrapidly
throughthe first ten combinationsandremainsfairly con-
stantwith increasingcombinations(Fig. 1a). The optimal
taskregressorcontainsapeakat thetaskfrequency of 0.033
Hz (Fig. 1b). Theharmonicfrequenciesdid not contribute
significantlyto theoptimal taskregressorsof any subjects.
Figure 2 examinesa single voxel with a task-relatedre-
sponseselectedfrom the primary visual cortex. The raw
fMRI time courseshowsa responseto thetenblocksof the
working memorytask(Fig. 2a). Both theraw periodogram
(Fig. 2b) and the fitted periodogram(Fig. 2c) show peaks
at the 0.033Hz task frequency. To checkthe validity of
the assumptionof normally-distributederrors,a histogram
of theresidualsfor this voxel wascomputed(Fig. 2d). The
residualerrorsappearto approximatea normaldensity.

Functionalactivation was found in all subjectsin the
visual cortices,left posteriorsuperiortemporalgyrusnear
Wernicke’s area,and right pre-motorareas(Fig. 3). The
functionalmapwasgeneratedwith datafrom thesamesub-
ject asFig. 1. Theblackregionsdisplayfunctionallyactive
regionswith a significanceof o @ Q . In two of the three
subjects,therewassignificantactivationin areasof theright
dorsolateralprefrontalcortex (Fig. 3). The resultsof stan-
dardICA werereviewed for eachsubject. Only activation
in the visual corticeswas found consistentlyin eachsub-
ject. Thevisualactivationsidentifiedwerecontainedin two
or moreICs. Theboundariesof theactivatedregionswere
not aswell-definedasfHYBICA.

4. DISCUSSION

The resultsdemonstratethat it is possibleto detecttask-
relatedfunctionalactivation with fHYBICA. In the work-
ing memorytask,areasof the brain neededto processthe
visual stimulus,interpretthe text on the screen,encodeor
recallthestimulusto/frommemorycenters,andpossiblyto
respondby squeezingthepneumaticbulb aredemonstrated.
The activation identified in the visual cortex likely corre-
spondsto the visual processingof the stimulus. The more
high-level processingof thetext waslikely to haveoccured
in the posteriorsuperiortemporalgyrus near Wernicke’s
area. It is generallyacceptedthat this region is responsi-
ble for languagecomprehension.Several studies[8] have
suggesteda role for thefrontal lobein memory. In thetwo
subjects,theactivation in thedorsolateralprefrontalcortex
could have beenrelatedto memoryfunctions,but further
studiesarenecessaryto supportthishypothesis.Thepremo-
tor areais responsiblefor initiation of motor functions[9].
At the end of eachtask block, the volunteermust decide
whetheror not to squeezethebulb. Theactivationfoundin
thepremotorareais likely relatedto thisdecision.Thelack
of primary motor cortex activation wasexpectedsincethe
squeezingof thebulb wasnot at the frequency of the task.
The timeswhenthesubjectshouldhave squeezedthebulb
wererandomlyassignedto fiveof thetentaskblocks.

This methodaddressestwo of the major problemsof
ICA while preservingsomeof its advantages.First, it elim-
inatesthebiasintroducedby theneedfor theuserto select
theICs thatcontainresponsepatternsthatcorrespondto the
fMRI experiment. Second,it providesa statisticalframe-
work for determiningthesignificanceof theregionsidenti-
fied asrelatedto the fMRI task. The residualerrorsin the
fHYBICA modeltendto beapproximatelysampledfrom a
normaldistribution. This is importantsincethe statistical
inferencemadefrom the u -test of the regressionparame-
tersdependson this assumption.FHYBICA preservesthe
ability of ICA to blindly separatenoisefrom thedatasince
thenoisesourcesareincludedin theregressionmodel.Un-
like standardHYBICA, this methodhastheadvantagethat
it doesnot dependon thephaseof theresponse.

However, this preliminary investigationof fHYBICA
haslimitations.While thisstudydoesdemonstratethatfHY-
BICA canidentify regionsof thebrainthatarerelatedto an
fMRI task,it doesnotquantitativelyaddressitsperformance
relativeto moreestablishedmethodsof analysis.ROCanal-
ysiswith simulateddatais amethodto performsuchacom-
parisonof thedetectionaccuracy. Thesmallnumberof sub-
jectsonly allows for an illustration of fHYBICA of fMRI
data. Conclusionsaboutregionsactive during theworking
memorytestusedin this studyrequirea greaternumberof
subjects.Finally, theperiodogramwasusedasanestimator
for the spectraldensityof the fMRI responses.The peri-
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Fig. 1. For eachcombinationof components,theerroris evaluated(a). Thecombinationthatminimizestheerroris selected
astheoptimalmodel.Thetask-relatedregressorfrom theoptimalmodel(b) containsa peakat theperiodof thefMRI task.

odogramis not a consistentestimatorof the spectralden-
sity [10]. A smoothperiodogramis a betterestimator, but
thechoiceof smoothingrequiresjustification.

5. CONCLUSIONS

Thepreliminaryresultsfromthefrequency domainHYBICA
demonstratethepromiseof thismethodfor analysisof func-
tional MRI data.Unlike standardICA, fHYBICA provides
a statisticalframework for hypothesistesting. Frequency
domainHYBICA appearstobearobustmethodfor combin-
ing thesecomponentsin a hypothesis-driven model while
preservingadvantagesof adata-drivenICA. Additionalstud-
iesareneededto quantitatively comparethedetectionaccu-
racy of fHYBICA with establishedfMRI dataanalysistech-
niques.
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Fig. 2. Thetime coursefrom a singlevoxel in theprimaryvisualcortex (a) shows thefMRI responseto thetenblocksin the
memorytask.A periodogram(b) of thetimecoursein (a)demonstratesahighspectralcontentat theperiodof thefMRI task.
Theresponseof thisvoxel wasfittedwith fHYBICA (c). A histogramof theresidualerrorsfrom thefit (d) indicatesthatthey
areapproximatelysampledfrom a normaldistribution.
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Fig. 3. Whole-brainactivation maps( o @ Q shown in black) computedwith fHYBICA. Activatedregions include: left
premotorcortex, right dorsolateralprefrontalcortex, left posteriorsuperiortemporalgyrus,andvisualcortices.
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