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ABSTRACT

Independentomponentnalysis(ICA) of functionalmag-
neticresonancémaging(fMRI) datarevealsspatiallyinde-
pendentpatternsof functionalactivation. The purely data-
drivenapproactof ICA makesstatisticalinferencedifficult.
The purposeof this studywasto develop a hybrid ICA in
thefrequengy domainthatenablestatisticainferencewhile
preservingadvantagef a data-drvenICA. Threenormal
volunteersverescannedvith fMRI while they performeda
working memorytask. Their datawere analyzedwith fre-
gueng domainhybrid ICA. In eachof thesubjectsthepat-
ternsof activationcorrespondetb areasxpectedio beac-
tive duringthe fMRI task. This investigationdemonstrates
thata hybrid ICA in the frequeny domaincanstatistically
map functional activation while preservingthe ability of
ICA to blindly separateoisesourcedrom thedata.

1. INTRODUCTION

Independentomponentnalysis(ICA) [1] is a methodfor
factoringprobabilitydensitieof measuredignalsinto aset
of densitieshatareasstatisticallyindependenaspossible
underthe assumption®of a linear model. ICA hasbeen
appliedto functional magneticresonancemaging (fMRI)
data[2]. ICA of fMRI datarevealsspatially independent
patternsof functional activation. The chief advantageof
ICA is thatassumptiongboutthe expectedMRI response
are not needed. However, when comparedto traditional
fMRI analysistechniques|CA hasdisadwantages. First,
thereis noframework for testingstatisticahypothesesThe
lack of framavork malesit difficult to determindf aninde-
pendentomponentIC) is relatedto thefMRI taskor stim-
ulus. In anICA of fMRI datathe investigatordetermines,
by inspectionjf anIC is task-related.This methodlacksa
guantitatve measureof the confidencein the IC andintro-
ducesuserbias. Secondthe numberof channelds equal
to the numberof brain volumesimagedduring a scanses-
sion. An experimentwith n time pointshasn channelsand,
therefore,n ICs after processing.In anfMRI experiment,
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n is often several hundred. This meansthat the usermust
inspectasmary asseveralhundred Cs to selectthe signif-

icant activation maps. Third, Langeet al. [3] determined
with ROC (recever operatingcharacteristicsanalysisthat

for commonfMRI signals,ICA hasa rate of accurag for

detectingactivationsin fMRI datasetsthatis approximately
one-fourththerateof regressioranalysis.

Despitethe problemsof ICA of fMRI data,a role for
ICA may be de-noising.Sincethe probability distributions
of fMRI noisearedifferentfrom the signalsof interest|CA
can easily separatehem. Oneapproachto utilize ICA to
accountfor noisesourcesn fMRI datahasbeenproposed.
Hybrid ICA (HYBICA) combineghedata-drvenapproach
of ICA with thehypothesis-dxienapproactof linearregres-
sionin thetime domain[4]. FMRI data, X, a matrix with
t time pointsby v voxels, are linearly modeledwith a set
of hypothesizedegressors(s. Theinverseof the unmixing
matrix, W, containgime courseghatcorrespondo eachof
thelCs. In HYBICA, W1, is the setof regressorsisedto
modelthedata:

X=W"8+¢ )

wheres ~ N(0,0?) andg is aparametematrix containing
parameter$or eachvoxel in a brainvolume. The matrixis
estimatedvith leastsquaresnethods.

The columnsof W~ arecombinedby projectingaref-
erencdunctionontothesubspacef Rt spannedby thefirst
k columnsof W—1. After eachcombinationa nev model
for X isfit andthemodelis evaluatedwith acrossvalidation
technique The modelthatminimizesthis erroris selected.

HYBICA assumes priori thatthe exacttiming of both
the subjects responseand her/hishemodynamiaesponse
to the experimentalconditionis known. This knowledge
is representeth thereferencedunctionfor the experiment.
In practice,theseparametervary from one subjectto the
next. In this situation thefrequeng of theresponsenaybe
a bettercriterion sinceit is independenof the phase.The
purposeof this studywasto proposeand evaluatea form
of HYBICA in thefrequengy domain(fHYBICA) for fMRI
data.
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2. MATERIALS AND METHODS

2.1. Scan Parameters

Functionalimageswere acquiredwith a 1.5T commercial
MRI scannerequippedwith 40mT/m gradients. The spe-
cific parametersvere: 20 coronalslicelocationswith whole
brain coverage slice thickness7rmm; slicegap1mm; 64 x
64 pixelimagematrixwith anin-planeresolutionof 3.75mm
x 3.75mm;field of view 240mm,TR/TE 2000/40msflip
angle90°. A setof high-resolutiorSPGRanatomidmages
was also acquiredfrom eachsubjectfor functionalimage
corgyistration.

2.2. fMRI Paradigm

Threenormalvolunteersverescannedvhile they performed
a working memorytask. The protocolusedin this study
wasapprozedby ourinstitution’sinternalreview board.The
paradigmconsistecof a 16 secondrestperiodfollowed by
ten sequentiablocks. Eachblock consistedof the follow-
ing text for thefollowing times: “Memorize; 2s;arandom
sequencef eightletters,4s;“Remembef 8s;“Recall; 2s;
presentatiomf asingleletter, 2s;“Relax;’ 12s.If thesingle
letterwascontainedn the previous sequencef letters,the
subjectwasinstructedto squeeze pneumatidulb. Previ-
ously seenlettersandfoils wererandomlyassignedo the
task blocks. The paradigmwas preparedwith a computer
presentatiosoftwarepackagedesignedor psychophysical
applications.ThewordswereLCD-projectedontoa screen
attachedo the scannetablenearthe feet of the volunteer
Thetext wasvisible with amirror attachedo the scannes
RF headcoil.

2.3. Image Processing

Thefirst four functionalscansfor eachslice locationwere
discardeddue to incompletesaturationof the signal. The
AFNI packagd5] wasusedto co-registerthefunctionalim-
ages. The co-rggisteredfunctionalimageswere processed
with anlCA algorithm[6] afteraprincipalcomponentinal-
ysis(PCA) reduction(preservingd9.99%of thevariancein
thedata)to determinespatiallyindependenpatternf acti-
vationandtheir correspondingime coursesA squarevave
that capturedthe timings of the periodsof eachblock was
convolvedwith aroughapproximatiorof thehemodynamic
responseA periodogrampR, of the corvolvedsquarevave
wasusedasthe referencdunction. Thetime coursed¥ !
determinedfrom ICA were linearly detrendedand trans-
formedto the frequeny domain. The periodogramspP, of
thesetime courseswvere computedandthenorderedbased
ontheir correlationto the referencdunction R suchthat:

P = [p1,pa2,--- ,p¢] (2)

where
|cor(p1, R)| > |cor(ps, R)| > --- > |cor(p, R)|. (3)

In fHYBICA, the columnsof P provide the basisfor
a linear regressionmodel of the data. Somecolumnsof
P correspondo noiseandotherscorrespondo aresponse
from the fMRI experiment. Presumablythe columnswith
greatestcorrelationto R have the greatestrelationshipto
the fMRI task. To distinguishbetweenthe task-relatede-
gressorandthe confoundgi.e., noisesources) P is parti-
tioned:
P = [Py|Pi—i] (4)

Thefirst k columnsaretask-relatedndthelastt—k& columns
areconfounds.To increasehe numberof degreesof free-
domin themodel,the P, columnsarecombinednto a sin-
gle task-relatedegressor Ry, . Thetask-relatedegressoiis
computedby projectingthe referencefunction R onto the
subspacef R? spannedy the columnsof P;:

Ry = P,(PI'P,) PR (5)
Theregressor®f interestin fHYBICA arethe columnsof:
Pr = [Rg| Pi—] (6)

Thechoiceof k is determinecempirically by evaluating
all possiblechoicesof k, namelyk = 1,2, ---t. Whenk =
1, no columnsof P arecombined(i.e.,themodelis entirely
data-dened). Corversely whenk = ¢, all columnsare
combinedand,consequentlyR;—; = R. In this situation,
no data-denednoisesourcesaremodeledandtheresultis
a standardregressionmodelin the frequeng domain. A
criterionfor k£ wasadaptedrom [4]. For eachchoiceof &,
aparametergy, for themodel:

X =PgfBr+e¢ (7

is estimatedwith a Ieastsquareslechnique.ﬁk is a matrix
thatcontaingparameteestimategor eachvoxel. Theselec-
tion of theoptimal k is basedn:

min (2 — [cor(Ry, R)]) (8)

whereS isameasuref thePRES Sstatistic(PredictecResid-
ual Sum of Squares)4], a leave-one-outcross-alidation
errormeasureThis criterionrepresents trade-of between
fitting well the expectedresponseR and generalizingto
novel data.

2.4. Statistical Inference

Statisticalinference[7] is madeon the first row of the pa-
°Pt correspondindo the optimal k. The

rameterestimates;;
null hypothesids H, : ,B‘E’t = 0V j. Thisimpliesthatthe
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task-relatedegressorkR°Pt is unrelatedo thedata. Thetest
statisticT is definedas:

apt
T := L 9)

\/ 012-711

wherethe varianceis estimatedirom the j-th diagonalof

0 = =5 (X — Prf}")" (X — PrAy}") and i =
[(PE Pr) '11. TheteststatisticT ~ tpp—n_k+1 iS SAM-
pledfrom Studentst density wheren = ¢ is thenumberof
rowsin Pg. Statisticalmapsof T' > 5 weregeneratedgnd
co-registeredwith anatomicimagesto displaytask-related

areaf thebrain.

3. RESULTS

The fHYBICA successfullymappedtask-relatedareasin
thefrontallobe,temporallobe,andvisual cortex in all sub-
jects. PCA reducedthe dimensionof eachdatasetby ap-
proximately50%for eachsubject.The optimalnumbersof
combinedcomponentsieterminedwith the error measure
in equation(8) for the threesubjectawvere110,58, and59.
Fig. 1 shavsaplot of theerrormeasurendtheoptimaltask
regressorfor a single subject. The error decreasesapidly
throughthe first ten combinationsand remainsfairly con-
stantwith increasingcombinationgFig. 1a). The optimal
taskregressorcontainsa peakatthetaskfrequeng of 0.033
Hz (Fig. 1b). The harmonicfrequencieglid not contribute
significantlyto the optimaltaskregressorof ary subjects.
Figure 2 examinesa single voxel with a task-relatedre-
sponseselectedfrom the primary visual cortex. The raw
fMRI time courseshowns aresponséo thetenblocksof the
working memorytask(Fig. 2a). Both theraw periodogram
(Fig. 2b) andthe fitted periodogram(Fig. 2c) shov peaks
at the 0.033Hz taskfrequeng. To checkthe validity of
the assumptiorof normally-distritutederrors,a histogram
of theresidualdor this voxel wascomputedFig. 2d). The
residualerrorsappearto approximatea normaldensity

Functionalactivation was found in all subjectsin the
visual cortices,left posteriorsuperiortemporalgyrus near
Wernicke’s area,and right pre-motorareas(Fig. 3). The
functionalmapwasgeneratedvith datafrom the samesub-
jectasFig. 1. Theblackregionsdisplayfunctionally active
regionswith a significanceof T > 5. In two of the three
subjectstherewassignificantactivationin areasof theright
dorsolateraprefrontalcortex (Fig. 3). The resultsof stan-
dardICA werereviewedfor eachsubject. Only activation
in the visual corticeswas found consistentlyin eachsub-
ject. Thevisualactivationsidentifiedwerecontainedn two
or morelCs. Theboundarieof the activatedregionswere
notaswell-definedasfHYBICA.

4. DISCUSSION

The resultsdemonstratehat it is possibleto detecttask-
relatedfunctional activation with fHYBICA. In the work-
ing memorytask, areasof the brain neededo processhe
visual stimulus,interpretthe text on the screengencodeor
recallthe stimulusto/from memorycentersandpossiblyto
respondy squeezinghe pneumatidoulb aredemonstrated.
The activation identified in the visual cortex likely corre-
spondsto the visual processingof the stimulus. The more
high-level processingf the text waslik ely to have occured
in the posteriorsuperiortemporalgyrus near Wernicke’s
area. It is generallyacceptedhat this region is responsi-
ble for languagecomprehension Several studies[8] have
suggested role for thefrontal lobein memory In thetwo
subjectsthe activationin the dorsolateraprefrontalcortex
could have beenrelatedto memaoryfunctions, but further
studiesarenecessario supporthis hypothesisThepremo-
tor areais responsibldor initiation of motorfunctions[9].
At the end of eachtask block, the volunteermust decide
whetheror notto squeezéhe bulb. Theactivationfoundin
thepremotorareais lik ely relatedto this decision.Thelack
of primary motor cortex activation was expectedsincethe
squeezingf the bulb wasnot at the frequeny of the task.
The timeswhenthe subjectshouldhave squeezedhe bulb
wererandomlyassignedo five of thetentaskblocks.

This methodaddresseswo of the major problemsof
ICA while preservingsomeof its advantagesFirst, it elim-
inatesthe biasintroducedby the needfor the userto select
thelCsthatcontainresponsgatternghatcorrespondo the
fMRI experiment. Second,it providesa statisticalframe-
work for determiningthe significanceof the regionsidenti-
fied asrelatedto the fMRI task. Theresidualerrorsin the
fHYBICA modeltendto be approximatelysampledrom a
normal distribution. This is importantsincethe statistical
inferencemadefrom the t-test of the regressionparame-
tersdependon this assumption.FHYBICA preseresthe
ability of ICA to blindly separateoisefrom the datasince
thenoisesourcesareincludedin theregressiormodel.Un-
like standarcdHYBICA, this methodhasthe advantagethat
it doesnotdependonthe phaseof theresponse.

However, this preliminary investigationof fHYBICA
haslimitations. While thisstudydoesdemonstratéhatfHY-
BICA canidentify regionsof thebrainthatarerelatedto an
fMRI task,it doesnotquantitatvely addreséts performance
relative to moreestablishednethodf analysis ROC anal-
ysiswith simulateddatais a methodto performsuchacom-
parisonof thedetectioraccurag. Thesmallnumberof sub-
jectsonly allows for anillustration of fHYBICA of fMRI
data. Conclusionsaboutregionsactive during the working
memorytestusedin this studyrequirea greatemumberof
subjectsFinally, the periodogranmwasusedasanestimator
for the spectraldensity of the fMRI responses.The peri-
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Fig. 1. For eachcombinationof componentsthe erroris evaluated(a). The combinationthatminimizesthe erroris selected
astheoptimal model. Thetask-relatedegressoiffrom the optimalmodel(b) containsa peakatthe periodof thefMRI task.

odogramis not a consistentestimatorof the spectralden-
sity [10]. A smoothperiodogranis a betterestimatoy but
thechoiceof smoothingrequiregustification.

5. CONCLUSIONS

Thepreliminaryresultsfrom thefrequeng domainHYBICA
demonstratéhepromiseof this methodfor analysisof func-

tional MRI data.Unlike standardCA, fHYBICA provides
a statisticalframework for hypothesistesting. Frequenyg

domainHYBICA appearso bearobustmethodfor combin-
ing thesecomponentsn a hypothesis-dsien model while

preservingadvantagesf adata-drvenICA. Additional stud-
iesareneededo quantitatvely comparehe detectioraccu-
ragy of fHYBICA with establishedMRI dataanalysigech-

nigues.
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Fig. 2. Thetime coursefrom a singlevoxelin the primaryvisual cortex (a) shovs thefMRI responséo thetenblocksin the
memorytask.A periodogramn(b) of thetime coursein (a) demonstratea high spectratontentattheperiodof thefMRI task.
Theresponsef this voxel wasfitted with fHYBICA (c). A histogramof theresidualerrorsfrom thefit (d) indicateghatthey

areapproximatelysampledrom a normaldistribution.
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Fig. 3. Whole-brainactivation maps(Z" > 5 shown in black) computedwith fHYBICA. Activatedregionsinclude: left

andvisual cortices.

, left posteriorsuperiortemporalgyrus,

right dorsolateraprefrontalcortex

premotorcortex
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