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Abstract

We propose a method for estimating the parameters of
Hemodynamic Response Function (HRF) and classifying
the different areas of activation of Functional Magnetic
Resonance Imaging (fMRI) data. The proposed method can
be used in event-related design paradigm. In this method,
the probability model for the fMR time-series is obtained
by Probabilistic Principal Component Analysis wherein the
additive noise component is represented in terms of its dom-
inant principal components. The parameters of the HRF
and classlabels are estimated using Expectation Maximiza-
tion algorithm. The class labels are assumed to form a
Markov Random Field and the prior is given by Gibbsian
distribution. Thisprior imposes spatial smoothness on class
labels. The results are shown for simulated data wherein
HRFs with known parameters are added to the real fMR
data.

1 Intr oduction

FunctionalMagneticResonancémaging (fMRI) is a non-
invasivetechnigueallowing theevolution of brainprocesses
to be dynamicallyfollowed in variouscognitive or beha-
ioral tasks. fMRI attemptsto detectbrain actiity by lo-
calized,non-invasve measurementsf the changen blood
oxygenationcalledasBOLD (blood oxygenationievel de-
pendent)contrast. The brainis imagedat regular intervals
whena subjectperformsspecifictaskspromptedby some
stimulus(e.g.,motor or visualtask). Theaimis to (a) de-
tectthe portionsof brain that are activateddueto the task
and (b) characterizahe BOLD response.So far research
hasbeenfocussingin detectingthe activatedregions [1].
Recently estimationof Hemodynamidresponsé-unction
(HRF) hasassumedtonsiderablesignificance[2],[3], [5].
Knowledgeof HRF is usefulin understandinghe dynam-
ics of brainfunction andrelationshipbetweenbrain areas.
Both parametrid5] andnonparametriecnodelq2], [3] have
beenusedfor HRF modeling.In thiswork, we usegaussian
modelfor HRE We develop an ExpectationMaximization
(EM) framework to find out variousregionswith different
HRFs. In additionto classifyingvariousregions, we also

estimatehe parametersf thoseHRFs. This kind of analy-
sisis usefulfor event-relatedlesignparadigmg5].
Generally the signalrecordedduring an fMRI experiment
consistsof the BOLD responseburied in colored noise.
The noiseis due to physiologicalsourcessuch as pulse,
breathingand systemsourcedik e scannefand noisedrift.
The noisealso dependsupon the acquisitiontime or rep-
etition time (TR) which decidesthe aliasingof the above
noisesandsignal power. Generallybandpassfiltering [5]
is usedin reducingthe noisecomponentin [1], asubspace
basedpproachs proposedo modelnoisein ablockdesign
paradigm.Thisapproacltannoteusedn eventrelatedde-
sign paradigmwherethe taskis not repeatedperiodically
We proposea new model for the noise componentusing
ProbabilisticPrincipal ComponenAnalysis(PPCA).Using
thismodel,we estimatehe parametersf theHRF andclas-
sify the responsénto differentclasses.The parameter®f
theprobabilitymodelarederivedfrom the dataitself.

2 Probabilistic PCA

PrincipalComponen®nalysis(PCA) is awidely usedtool

for dataanalysis. For a setof d—dimensionaldatavec-
tors{t,}, n = 1,2,...,N, the g principal axesw;, j =

1,2,...,q, are thoseonto which the retainedvarianceun-

der projectionis maximal. Theseprincipal axesarethe ¢

eigervectorscorrespondingo the ¢ dominanteigervalues
of the samplecovariancematrix of thedata{t, }. Theanal-
ysisusing PCA doesnot involve ary probability modelfor

the data. Tipping andBishop[4] shovedthat PCA canbe

obtainedby assuminga probability model. This approach
is very useful becausave not only get the principal axes
of the databut alsoa probability modelfor the data. This

modelin turn canbe usedfor thetaskslik e estimationand
detectiorof signals.We usePPCAto modelthevoxel time-

seriesof fMR data.Usingthis approachpnecanmodelthe

noisecomponentn fMR time-seriesn termsof its signifi-

cantprincipalcomponents.

2.1 A Probability Model for PCA

A d—dimensional data vector ¢ can be related to

g—dimensionalg < d) latentvariablesr as:

t=p+Wzx+e Q)



where,e and z areindependentandomprocesses.u; is
the meanof the datavectors. By defininga prior pdf to x,
the above equationinducesa correspondingdf to ¢. If we
assume

x ~ N(0,1,)
€~ N(0,021)

thent is alsoGaussiamandomvectorwith pdf
t ~ N(u, WW*'+021) )

where,I, and] areq x g andd x d identity matrices With

the above pdfs for x ande, we canshow thatthe columns
of W arethe rotatedand scaledprincipal eigervectorsof

the covariancematrix of the datavectors{t,}. With the
above model, the obsened vectort is representeds the
sumof systematicomponentW ) andindependenhoise
componenie). It is shovn in [4] thatthe ML estimateof

W ando? aregivenby

W = U,(A,—02D)Y?R
1
2
n = —d_q,z Aj 3

wherethe ¢ columnvectorsin U, are eigervectorsof the
covariancematrix of thedatawith thecorrespondingigen-
valuesin the diagonalmatrix A,, and R is an arbitraryro-

tation matrix. The estimatefor o2 hasthe interpretationof

"lost’ variancein the projection,averagedover the lost di-

mensions.

3 Probability modelof fMRI data us-
ing PPCA

3.1 HemodynamicResponseModel

HemodynamiaesponsdHR) refersto the local changein
blood oxygenatiorasan effect of increasedeuronalactiv-
ity. This changeis notimmediatebut is delayedby 2 to 6
secondgrom the stimulusonset.lt is obsenedthatthis re-
sponsencreaseslowly andattainsmaximumand returns
to thebaseline. In this work, we modelHR by a Gaussian
function. The advantageof this modelis that the param-
etersgive a physiologicalinterpretation[5]. The HR asa
functionof time canberepresenteds:

h(t) = nexp(~(t.TR — u)*/0?) (4)

where,u representthetime lag from the onsetof the stim-
uli to thepeakof HR; o reflectstheriseanddecaytime and
n denotegheamplitudeof theresponsesshaown in Figure
1 andTR is the samplingperiod. Let 8 = [u, o, 7] denote
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Figurel: A sampleHR function shaving physiological
significanceof the threeparametersy representshe time
lag from the onsetof the stimuli to the peakof HR; o gives
therise anddecaytime andrn denoteghe amplitudeof the
response

the unknowvn parametersf the HRE The BOLD response
of thebrainfor a giventaskcanbe modeledasconvolution
of the HRF andthe input task[2]. The input taskcanbe
consideredas a binary function of time which hasa value
of 1 duringthe periodof taskandO duringtherestperiod.

3.2 Probability Model
Theobseredtime-serieof kth voxel canbe modeledas:

yr = Xh(0) +n ()

where,the T—dimensionalectorsyy,, h(6y), n arerespec-
tively, obsenedtime-seriest kth voxel, HRF andnoise. X
is the convolution matrix. The noisen canbe represented
usingthelatentvariablemodeldefinedn thelastsectionas:

n=Wzx+e (6)

wherez is a g—dimensionalg < T') latentvariableande
is a noisecomponent. AssumingGaussiarpdf modelsas
describedn thelastsection the columnsof W correspond
to ¢ principal component®f n correspondindo thefirst ¢
dominanteigervalues.The pdf of noiseis givenas

n ~ N(0,C) )

where,C = WW!+021. Hencethenoisevectorn is repre-
sentedhsacombinatiorof systematicomponen{iW z) and
aiid componente). Now, the obsenedtime-seriecanbe
representeésa sumof BOLD responsesystematicoise
componenandaniid noisecomponent:

yr = Xh(0p) + Wz + ¢ (8)

Therefore,the probability model for the obsened fMRI
time-seriegy,, for agivend is givenby

yr ~ N(Xh(6),C) 9)



Hence usingthePPCAmodel,we canexpresstheobsened
fMRI time-seriesin terms of the corvolution model and
principal component®f noise. The principal components
of noisecanbe computedrom the dataitself asexplained
in thelatersections.

4 Estimation and Classification Us-
ing EM algorithm

In this work, the aim is not only to find the activatedvox-
elshut alsoto find thedifferentkinds(classespf activation.
Onecanexpecttheadjacenpixelsto havethesameclassla-
bels. This spatialsmoothnessanbeimposedusingMarkov
RandomFields (MRF) [6]. Sincethe classlabelsare not
obsenable we canmodelthemasHiddenMarkov Random
Field(HMRF). We assumehatthereare K differentclasses
(including no activation) in the givenfMRI data. The task
is to find the K setsof parametersf theHRF andassociate
eachvoxel with one of the appropriateclasses.Let Z be
therandomfield of theclasslabelsof thefMRI voxels. The
key propertyof MRF is thatthe distribution of the random
variableassociatedvith apixel k&, giventhevaluesof pixels
in a neighborhooaf k&, is independenbf the valuesof the
restof thepixelsin theimage.This canbewritten as:

f@rlz, kb #1) = f(zk|lz € Ni,) (10)

wherezy, is the classlabel of pixel k¥ and Ny, is a setof
randomvariablesrepresentinghe labelsfor the pixelsthat
arein the neighborhoof k. By Hammerslg-Clifford [6]
theorem the distribution over an MRF canbe specifiedin
termsof Gibbsdistribution

) = g expl= S UL(2) (11)

wherez is vectorof classlabelsfor all the pixelsin theim-
age;U. is the potentialfunction for clique ¢ in the lattice
of pixels; @ is the normalizationconstant. A cliqueis an
orderedsetof pixelswhich areall in the neighborhoodsf
eachother Thesumin theabove equatiorrunsoverall the
cliguesasdefinedby our choiceof neighborhoodThe po-
tential function givesa potential,or cost,for the particular
combinationof labelsin cliques. We usefirst orderneigh-
borhoodwherethe distancebetweenwo pixelsis oneand
eachclique containa pair of pixels. The potentialfunction
is definedas
U(zk,zl) = ﬂ/Q,Zka =2
—pB3/2, otherwise (12)

Hence,the costfor two pixelsin a neighborhoodo be of
differentclassesncreasesandis dependenbn the parame-
ter 8. Thiswill have a smoothingeffect on the classlabel
map.

4.1 fMR signalmodel
We use PPCAto modelthe obsened time-seriesof each

voxel. Let therebe K differentregions (classes)ynd let
© = [64,....,0k] denotethe parameter®f the K HRFs.
Theobseredtime-seriesat mth voxel assuminghatit be-
longsto kth classcanbemodeledas

ym = Xh(0r) + Wz +e,m=1,...,M  (13)

where,M is total numberof voxels. Thereforegiven the
classlabel, the pdf of y,,, canbewrittenas

P(Ym|Zm = k,0) ~ N(Xh(6),C) (14)

Assumingy,,’s are independenigiven their classlabels
(conditionalindependenceyye have

M
p!Z,0) = [ plym|Zm = . 0) (15)

m=1

Theaboveequatiorcanbemaximizedwrt 6y, to estimatedy, .
But theclasslabelsZ,, = k areunknowvn. Hencetheclass
labelsareto be found beforethe estimationof 4. We esti-
matebothclasdabelsandunknonvn parameter® in aniter-
ativefashion.Wefirst estimateclasdabelsfor agiveninitial
©' andusingtheseclasslabelsnew ! is estimated We
repeathis until corvergence.

4.2 Estimation of ClassLabels
TheclasslabelmapZ = z canbeestimatedy maximizing
the posterioriprobability

F(Zly, 0"  f(y|Z,0")f(Z)
Z = argmazzIn f(y|Z,0%) +1n f(Z) (16)

where,®’ is aninitial valueof ®. The above equationis
to be maximizedover all possibleconfigurationsof Z and
henceintractable. It can be approximatedusing Iterated
ConditionalModes(ICM) algorithm[7].

Zm = argmaz,, 10 f(Ym/2m, 0%) +1In f(2m/Npy) (17)

4
1
f(zm|Nm) = Q_ exp(— Z U(zma ZJ))
m j:l
where,N,, is | orderneighborhoodf thevoxel m and@,,
is thenormalizingconstant.
4.3 Parameter Estimation
Using the above estimateof classlabels, the parameter
©t! canbe estimatedby maximizingthe conditionalex-
pectation of the log of posteriori probability f(©ly, z)
(E{ln f(©|y, )|y, ©%}). Using Bayesrule, f(O|y, z) can
besimplifiedas:

f(®ly,2) o [(y,2|0)f(0)
= f(ylz,0)f(2)1(0)



sincez is independenbf © and f(©) is prior probability
of ® (6 ~ N(myg,Vp)). Using the abore equation,the
requiredconditionalexpectationcanbe written as:
E{ln f(©ly, 2)|y, ©} o< E{In f(y|z, ©)]y, 0"}
+E{In f(z)|y,0} + E{ln f(O)]y, '}

(18)

The secondterm in the above equationis independenbof

© anddoesnot influencethe maximizationof the required
conditionalexpectation. The third term can be simplified,
by takingthe conditionalexpectationwrt f(I|y, ©), asfol-

lows:

E{ln £(©)ly, 0%} In f(©) ) f(lly, ©Y

=1

= Inf(®)

Using the abore equation the requiredconditionalexpec-
tationcanbewritten as:

K
E{ln f(y,2,0)[y, 0} o< Y _1In f(y|z,0) f(lly, ©")+In f(©)

=1

(19)
To maximize the abose equation,we needthe posteriori
probability f(I|y, ©%) which canbewritten as

iy _ flylz=1,09f1)
flly,0") = W)

Thetotal probability f(y) of voxelsis difficult to evaluate.
By MRF property we know the classlabel of agivenvoxel
is dependenbn its neighborhood. Using this, the above
posterioriprobability canbe approximateds

(20)

f(lly,0") =~ f(llym,©", Nm)
_ f(ym|zm =1, G)Z;Nm)f(”Nm)
f(ym)
K
f(ym) = Z f(ymlzm = l;Nm)f(zm|Nm)

=1
(21)

The conditionalexpectationcannow bewritten as:

K M
E{ln f(y,2,0)[y, 0} o< Y > f(llym, %, Nom)

I m=1

In f(ym|2zm =1,0%) (22)

Thisis maximizedwrt ©. With this new estimateof ©, the
classlabelsareestimated.This procedurds repeatedintil
convergence Theprocedureanbesummarizedsfollows:

1. Initialize ©,,7 =0

2. Findtheactivationmapusing(17).

3. Usingtheseclasslabelsfind new ©+! using(22).
4. Goto step2 until corvergence.

5 Simulation Results

5.1 Data

The datasetwas acquiredat NIMHANS, Bangaloreon a
1.5 teslaSiemensMR machine. The scanningsequence
wasa 3-D echoEPI with 66msechotime and 90 degrees
flip angle. Theimageswereacquiredwith a matrix sizeof
128 x 128 x 16 pixelswith a slicethicknessof 8mm. The
time-serieof fMRI volumeis acquiredevery 1sec(TR=1).
The motor experimentwas conductedbn a volunteer The
experimentstartedwith arestperiodof 20 secondgollowed
by activationperiodof 20 secondsluringwhich the subject
hadto move his figure followed by restperiod of 80 sec-
onds. The experimentis not repeatedn orderto studythe
intrinsic responsdor onesession.

5.2 Preprocessing

Thetime-serie®f eachsliceis correctedor subjecimotion.
Thetime-serief framesareregisteredwith thefirst frame
of the time-series. At eachvoxel, the meanvalue of the
time-seriesof the voxel is removed from the time-series.
This amountsto removing the anatomicalstructurein the
MR imagessincewe are interestedonly in analyzingthe
BOLD response.

5.3 Simulations

To verify the performancef the above method,we choose
a patchof 16 x 16 from a slice wherethereis no activa-

tion with the help of an expert. We addthe corvolution of

two GaussiarHRFsof parameterg; = [5.5,2.2,4.2] and
0> = [7.5,2.5,5.5] with input stimulation signal (boxcar
function= 1 from ¢ = 20 to 40) to the time-serief vox-

elsatknown locationsasshovn in Fig 2. Now thetaskis to

find outtheclasdabelof eachpixel andestimate¢heparam-
etersof the HR function. We do not considerthe first four

samplesn every voxel time-seriego accountfor the scan-
ner saturationeffects. The parametef is fixedas1. The
parametersf the prior my, Vy aretakenasin [5]. We es-
timatethe matrix W by choosing’noise only” pixelsfrom

the sameslice but at the locationfar from the above patch.
The samplecovariancematrix is estimatecand W is found
out by the eigervaluedecompositiorof the samplecovari-

ancematrix. The algorithmis initialized by generatinga
samplefor © from the prior distibution N (myg, V). This

initial valuefor © is thenusedto estimatethe classlabels
for eachvoxel using Maximum Likelihood (ML) classifi-
cation. Furtherrefinementin classificationof voxels and
estimationof parameter®f HRFsis carriedout usingthe
algorithmdescribedn the earliersection.Fig 3 shavs the
detectionperformanceof EM algorithmfor the above acti-

vation pattern. As shown in thefigure, the algorithmcon-
vergesin 5-6iterations.Fig 4 comparesheestimatedHRFs
with actualHRFs.



6 Conclusions

We proposeda methodfor estimationof the parametersf
HemodynamidResponsé&unction(HRF) andclassification
of the differentareasof activationin FunctionalMagnetic
Resonancémaging(fMRI) data. This methodcanbe used
in eventrelateddesignparadigm.The noisein voxel time-
seriesis modeledusing ProbabilisticPrincipal Component
Analisis (PPCA)anda probability modelis derivedfor the
voxel-time series. A Gibbsianprior modelis usedto im-
posespatialsmoothnessf the classlabels. The classla-
belsandHemodynamidRespons&unction(HRF) parame-
tersarethenestimatedusingan ExpectationMaximization
(EM) algorithm. The prior informationfor HRF parameters
is incorporatedn the EM algorithm. The issuethat needs
to beaddresseih this work is choosingthe smoothingpa-
rameterg. Also, the algorithm needsto be testedfor an
event-relatedMR experiment.
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Figure2: (a)DifferentRegions(Classespf Activation. Re-
gion with dark pixels indicateno activation. Region with
gray pixel valuesindicatesactivatedregion with HRF h,
(with paramterd;) and Region with white pixelsindicates
activatedregionwith HRF h, (with paramte#,) (b) Actual
simulatedHRFs h; and hy with respectie parameter®,

andés.

Figure3: Figuresshonsthecorvergenceanddetectionper
formanceof theproposedEM algorithm.TheEM algorithm
corvergesin 4-5iterations.
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Figure4: Comparisorof EstimatedandActualHRFs. Solid
curve shaws actualHRF anddashedcurve shows estimated
HRF of (a) h1 (b) h2.
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