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ABSTRACT

A new method for estimating multivariate autorgressve
(MVAR) modelsof corticalconnectvity from surfaceEEGor
MEG measurementis presented.Corventionalapproaches
to this problembrstattemptto solve the inverseproblemto
estimatecortical signalsandthenbt an MVAR modelto the
estimatedsignals.Our new approachexpresseshe measured
datain termsof a hidden stateequationdescribingMVAR
cortical signal evolution and an obsenation equationthat
relatesthe hidden stateto the surface measurements.We
developan expectation-maximizatioEM) algorithmto bnd
maximumlik elihoodestimatef the MVAR modelparame-
ters. Simulationsshav thatthis one-stepapproactperforms
signibcantlybetterthan the corventionaltwo-stepapproach
at estimatingthe cortical signals and detectingfunctional
connectvity betweerdifferentcorticalregions.

Index Term&\ Cortical connectvity, multivariate au-
toregressie model, Expectation-maximizationalgorithm,
Grangercausality partialdirectedcoherence

1. INTRODUCTION

Multivariable autorgressie (MVAR) models provide a
mechanisnfor assessingausalityin the senseof Granger
and are straightforvard to estimategiven the signalsto be
modeled[1] [2] [3]. They have beenemployedto studythe
functionalconnectvity of thebrainbasedn invasie record-
ings[3] andto modelinteractiondetweersignalsat different
scalpmeasuremeribcations[2]. Identifying cortical MVAR
models from EEG/MEG data requires estimationof both
the cortical signalsandthe correspondingnodelparameters.
The corventional approachto this problemis to brst ob-
tain estimatedcortical signalsby solving the ill-conditioned
EEG/MEG inverseproblemandthen bt a MVAR modelto
the estimatedsignals. For example,Hui and Lealy [4] use
linearly constrainedninimum variancebeamformergo esti-
matethe cortical signal associatedvith differentregions of
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interestfrom the measurediata. Next they solve the Yule-
Walker equationformedusingthe estimatectortical signals
to obtainthe MVAR modelparameters.

In this paper we formulate the cortical connectvity
MVAR model estimationproblem for EEG/MEG in terms
of aOhiddenétateequationandan obsenation equatiorthat
relatesthe hidden stateto the surface measurements.The
stateequationdescribegshe MVAR modelrelatingthe corti-
cal signalsandthe obseration equationrelatesthe measured
datato the hiddencortical signals. We obtainthe maximum
likelihoodestimate®f the MVAR modelparametersisingan
expectation-maximizatioEM) algorithm[5]. Estimatesof
cortical signalsareobtainedfrom the bxedinterval smoother
implementedin the expectationstep of the EM algorithm.
We usesimulateddatato showv that this one-stepapproach
to MVAR modelidentibcationresultsin improved cortical
signalestimatesand probability of detectingsignibcantcon-
nectvity relative to thetwo-stepapproactof [4].

2. STATE-SPACE MVAR MODEL FOR EEG/MEG

Letyl andxl, bethej™ epochof | ! 1 EEG/MEG mea-
surementdataandm ! 1 statevector respectiely, at time
n. Theelementf x, arethecorticalsignalsassociateavith
theregionsin the MVAR modeland may representipoles,
multipoles, or cortical patches. We assumethatyl ,n =
1,2,...,N,j = 1,2,...,J aregeneratedby thelineartime-
invariantstatespacesystem
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whereA1,A,,...,A, arethem ! m matricesof MVAR
model coebcients,p is the model order C is thel ! m
obsenation matrix, and wl, and v}, arethe j" epochof
m ! 1 statenoisevectorandl ! 1 obsenration noisevector
respectrely. The m columnsof C consistof the forward
solutionsthat map the cortical signalsto the | EEG/MEG



measurementsDebne& = [A; A, ... Ayl andx) , =
[Xh_1:Xh _2:---»Xn_p]", SOEQ. (1) canberewritten as

xho= Axl _+wi. ®3)

The state noise wi, and obsenration noise v, are as-
sumedto be zero-meanGaussianvectors with covariance
EWlwiy]= Qlam!j; andE[Vivii ] = Rlgm!ji. The
m! 1initial statevectorx{) is alsoassumedo be Gaussian

distributed with unknovn meanvector 1o and covariance
matrix! o.

2.1. EM Algorithm for MVAR Model Estimation

The EM algorithmiteratively computeshe ML estimatef
I = {£,Q,R,Ho,! o} assumingl,n=1,2,...,N,j =
1,2,...,J ishiddendata.DePneXy = {x},...,x%,...,
X3,...,Xy, } asthesetof hiddendataandY 3, = {y1,...,y4
..., ¥Yi,...,Y} } asthesetof obsereddata. TogetherX 3},
and Y3 form the completedataset. The completedata
likelihoodfunctionis givenby
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where the probability densitiesare given by the following
Gaussiardistributions
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Thusthelog-likelihoodfunctionfor the completedatais
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The EM algorithmiteratively maximizesthe conditional
expectationof the log-likelihood of the completedatawith

log2" (8)

respectto the unknavn parametersn ! usingtwo stepsat
eachiteration. Let ! ['l representhe estimatesrom the i™
iteration. In theexpectatioror E-stepof the (i + 1)1 iteration
q(! |' (1) is calculatedas
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wherexjn“\I is the Pxed interval smootherestimateof x},,

P is the estimationerror covariancematrix, and
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Here Pjn n 1N is the one stepcrosscovarianceandis also
obtainedfrom the bxedinterval smoothef6].

The secondstepof the EM iterationis the maximization
or M-step. The M-stepcomputeshe new estimate! '*1] by
maximizingq(! |! 1) with respecto! to obtain
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TheE- andM-stepsarerepeatedintil thedatalik elihoodcon-
verges. This procedurdancreasedik elihoodat eachiteration
andthusis guaranteedo corvergeto alocal maximum.

2.2. Estimation of Cortical Connectiity

Several connectvity metrics may be extracted from the
MVAR model parametersjncluding Grangercausality[1]
andthe directedtransferfunction (DTF) [2]. In the simula-
tionswe usethe partialdirectedcoherencéPDC)[3]
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where&; istheij " elemenof &(f) = | # A(f), $denotes
the complex conjugateoperatorand
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PDC;j (f) representsheinfBuencefrom thej t cortical sig-
naltothei™ oneatfrequeng f .

2.3. Testfor Signibcance

The methodof surrogate dataproposedby Theileretal., [7]
is usedto identify thresholdsfor testingthe signibcanceof
the estimated®DC or otherconnectvity metric. The goalis
to approximatehe distribution of the estimatedmetricwhen
the true connectvity is zeroin orderto identify a threshold
resultingin a desiredprobability of false positive decision.
This is accomplishedy randomlyperturbingthe datato in-
tentionallydestry ary connectvity thatmaybepresentThe
estimatedcortical signalsare transformedto the frequeny
domainusingthe FFT, the phaseis randomizedusinginde-
pendentrandomvariablesuniformly distributed on [0, 2" ],
and an inverseFFT corverts the phaserandomizedcortical
signalsback to the time domain. This proceduredestrys

ary cross-correlatiometweencortical signalswhile preserv-
ing the power spectrunmof eachsignal. The resultingMVAR
and PDC estimatesorrespondo a network of independent
or unconnectedortical regions. The randomizationproce-
dureis repeatednultiple timesto estimatethe distribution of
the metric(s)of interestunderthe assumptiorof independent
corticalsignals.

3. SIMULATION RESULTS

A brain network is simulated basedon the Wernicke -
Geschwindmodel [8] of languageprocessingand speech
production. Dipolar sourcesare placedin the primary audi-
tory cortex (region 1), Wernicke® area(region 2), Broca®
area(region 3), andthe motor cortex (region 4). Time se-
ries are generatedor eachregion accordingto an MVAR
model of orderp = 2. The MVAR coebcientsare cho-
sento place a spectralpeak near 15 Hz in region 1 and
the following causalinBuencesbetweenregions: 1 % 2,
2% 3, and3 % 4. All other causalinBuencesin the
model are setto zero. The statenoise covarianceis setto
Q = %I. MEG forward solutionsfor the dipolar sources
are evaluatedat 54 sensorlocations uniformly distributed
aroundthe head. Obsenation noiseis addedto the simu-
latgd megsuredsignalsto obtaina gesiredSNR, dePnedas
w{ o N (O Tl ) N ()T (Vi)
The spatial covarianceof the noiseis chosento matchthat
measuredrom ahumansubjectin theabsencef stimulus.A
samplingfrequeny of 100Hz is assumedWe setN = 256
andJ = 1.

The linearly constrainedoeamformingapproach(LCB)
of [4] is comparedto the maximum likelihood basedEM
approach(MLEM) describedin Section2 with respectto
estimationof cortical signalsand probability of detecting
causalinRuencebetweerregions. MLEM usesthe posterior
meanx‘n N for the estimatectortical signals.Both LCB and
MLEM assumethe correctMVAR modelorderof p = 2.
Figure 1 depictsthe normalizedmeansquareerror (NMSE)
associatedvith LCB and MLEM estimatesf the four cor-
tical signalsasa function of SNR. The NMSE is calculated
by averagingover 100 independentrials. The MLEM ap-
proachresultsin consistentlylower NMSE than doesLCB
overawiderangeof SNRs.ThemeanLCB andMLEM PDC
estimatedor SNR = 0 dB arecomparedo the true PDCin
Figure2. The meanPDC from MLEM betterapproximates
thetrue PDC for the non-zerocausalinBuence(1 % 2,2 %
3and3% 4).

We evaluatethe probability of detectingcausalinBuence
by integratingthePDCfrom 12Hz to 30Hz. Thevalueof the
integratedPDCassociateavith 1 % 2 and3 % 4 is testedfor
signibcancéyy comparingit to thresholdschosento setthe
probability of falsedetectionat 0.01,0.05,0.1,0.25,and0.5.
Thethresholdsare chosenusing 250 surrogate datasetsand
the probability of detectionis evaluatedusing 100 indepen-
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Fig. 1. NMSEfor thefour estimatectorticalsignalsasafunc-
tion of SNR.LCB: dashedlueline, MLEM: solidredline.
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Fig. 2. True (dash-dottedblack line) and meanestimated
PDCsat SNR= 0 dB. LCB: dashedlueline, MLEM: solid
redline.

denttrials. Figure 3 depictsthe resultingrecever operating
characteristic6ROCs)for LCB andMLEM atSNR=-15dB.
NotethattheMLEM approactoffersimproveddetectiorper
formanceatall probabilitiesof falsedetection.Thedifference
is greatestvhenthetrue PDCis wealest(3 % 4).

4. SUMMARY

Thestate/obsemtionequatiorformulationof MVAR cortical
networks with surfaceEEG/MEG dataleadsto an EM algo-
rithm for Pnding maximum/ikelihood estimatesof MVAR

modelparametersindthe correspondingortical signal esti-
mates.Simulationgndicatethis integratedapproactprovides
potentialperformancemprovementscomparedo a two-step
methodthat brst estimatescortical signalsand then bts an
MVAR modelto the estimatedsignals.
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Fig. 3. Probabilityof correctdetectionvs probability of false
detectionfor connectiond % 2 and3 % 4 atSNR=-15dB.
LCB: dashedlueline, MLEM: solidredline.
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