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Abstract

FunctionalMagneticResonanceImaging(fMRI) hasenabledscientists
to look into theactive brain. However, interactivity betweenfunctional
brain regions,is still little studied. In this paper, we contribute a novel
framework for modelingthe interactionsbetweenmultiple active brain
regions,usingDynamicBayesianNetworks(DBNs) asgenerative mod-
els for brainactivationpatterns.This framework is appliedto modeling
of neuronalcircuits associatedwith reward. The novelty of our frame-
work from a MachineLearningperspective lies in the useof DBNs to
reveal the brain connectivity and interactivity. Suchinteractivity mod-
els which are derived from fMRI data are then validated through a
groupclassi�cation task. We employ andcomparefour differenttypes
of DBNs: Parallel Hidden Markov Models, CoupledHidden Markov
Models,Fully-linked HiddenMarkov ModelsandDynamicallyMulti-
LinkedHMMs (DML-HMM). Moreover, we proposeandcomparetwo
schemesof learningDML-HMMs. Experimentalresultsshow that by
usingDBNs,groupclassi�cationcanbeperformedevenif theDBNsare
constructedfrom asfew as5 brainregions.Wealsodemonstratethat,by
usingtheproposedlearningalgorithms,differentDBN structurescharac-
terizedrugaddictedsubjectsvs. controlsubjects.This �nding provides
anindependenttestfor theeffect of psychopathologyon brainfunction.
In general,we demonstratethat incorporationof computerscienceprin-
ciplesinto functionalneuroimagingclinical studiesprovidesa novel ap-
proachfor probinghumanbrainfunction.

1. Intr oduction

FunctionalMagneticResonanceImaging (fMRI) hasenabledscientiststo look into the
active humanbrain [1] by providing sequencesof 3D brain imageswith intensitiesrepre-
sentingbloodoxygenationlevel dependent(BOLD) regionalactivations.Thishasrevealed
exciting insightsinto the spatialandtemporalchangesunderlyinga broadrangeof brain
functions,suchashow we see,feel, move, understandeachotherand lay down memo-
ries. This fMRI technologyoffers furtherpromiseby imagingthedynamicaspectsof the
functioninghumanbrain. Indeed,fMRI hasencourageda growing interestin revealing
brain connectivity and interactivity within the neurosciencecommunity. It is for exam-
ple understoodthat a dynamicallymanagedgoal directedbehavior requiresneuralcon-
trol mechanismsorchestratedto selectthe appropriateandtask-relevant responseswhile
inhibiting irrelevant or inappropriateprocesses[12]. To date,the analysesand interpre-
tation of fMRI datathat aremostcommonlyemployed by neuroscientistsdependon the



cognitive-behavioral probesthataredevelopedto tapregionalbrain function. Thus,brain
responsesarea-priori labeledbasedon theputative underlyingtaskconditionandarethen
usedto separatea priori de�ned groupsof subjects.In recentcomputerscienceresearch
[18][13][3][19], machinelearningmethodshavebeenappliedfor fMRI dataanalysis.How-
ever, in theseapproachesinformationon the connectivity andinteractivity betweenbrain
voxelsis discardedandbrainvoxelsareassumedto beindependent,which is aninaccurate
assumption(seeuseof statisticalmaps[3][19] or themeanof eachfMRI timeinterval[13]).
In this paper, we exploit DynamicBayesianNetworks for modelingdynamic(i.e., con-
nectingandinteracting)neuronalcircuits from fMRI sequences.We suggestthat through
incorporationof graphicalmodelsinto functionalneuroimagingstudieswe will be able
to identify neuronalpatternsof connectivity andinteractivity thatwill provide invaluable
insightsinto basicemotionalandcognitive neuroscienceconstructs.We further propose
thatthis interscienti�c incorporationmayprovide a valid tool whereobjective brainimag-
ing dataareusedfor theclinical purposeof diagnosisof psychopathology. Speci�cally, in
our casestudywe will modelneuronalcircuitsassociatedwith rewardprocessingin drug
addiction. We have previously shown lossof sensitivity to the relative valueof money in
cocaineusers[9]. It hasalsobeenpreviously highlightedthat thecomplex mechanismof
drugaddictionrequirestheconnectivity andinteractivity betweenregionscomprisingthe
mesocorticolimbiccircuit [12][8]. However, althoughadvancementshave beenmadein
studyingthis circuit's role in inhibitory controlandrewardprocessing,inferenceaboutthe
connectivity andinteractivity of theseregionsis atbestindirect.Dynamicalcausalmodels
have beencomparedin [16]. Comparedwith dynamiccausalmodels,DBNs admita class
of nonlinearcontinuous-timeinteractionsamongthehiddenstatesandmodelbothcausal
relationshipsbetweenbrain regionsandtemporalcorrelationsamongmultiple processes,
usefulfor bothclassi�cationandpredictionpurposes.

Probabilisticgraphicalmodels[14][11] aregraphsin which nodesrepresentrandomvari-
ables,andthe(lack of) arcsrepresentconditionalindependenceassumptions.In our case,
interconnectedbrainregionscanbeconsideredasnodesof aprobabilisticgraphicalmodel
andinteractivity relationshipsbetweenregionsaremodeledby probability valueson the
arcs(or the lack of) betweenthesenodes. However, the major challengein sucha ma-
chine learningapproachis the choiceof a particularstructurethat modelsconnectivity
andinteractivity betweenbrain regionsin anaccurateandef�cient manner. In this work,
we contribute a framework of exploiting Dynamic BayesianNetworks to model sucha
structurefor the fMRI data. More speci�cally, insteadof modelingeachbrain region in
isolation,we aim to modelthe interactive patternof multiple brain regions. Furthermore,
therevealedfunctionalinformationis validatedthrougha groupclassi�cationcasestudy:
separatingdrug addictedsubjectsfrom healthy non-drug-usingcontrolsbasedon trained
Dynamic BayesianNetworks. Both conventionalBBNs and HMMs are unsuitablefor
modelingactivities underpinnednot only by causalbut alsoby cleartemporalcorrelations
amongmultipleprocesses[10], andDynamicBayesianNetworks[5][7] arerequired.Since
thestateof eachbrainregion is notknown (only observationsof activationexist), it canbe
thoughtof asa hiddenvariable[15]. An intuitive way to constructa DBN is to extenda
standardHMM to a setof interconnectedmultiple HMMs. For example,Vogleret al. [17]
proposedParallelHiddenMarkov Models(PaHMMs) that factorizestatespaceinto mul-
tiple independenttemporalprocesseswithout causalconnectionsin-between.Brandet al.
[2] exploitedCoupledHiddenMarkov Models(CHMMs) for complex actionrecognitions.
Gonget al. [10] developeda DynamicallyMulti-Link ed HiddenMarkov Model (DML-
HMM) for therecognitionof groupactivities involving multiple differentobjecteventsin
a noisy outdoorscene.This model is the only oneof thosemodelsthat learnsboth the
structureandparametersof thegraphicalmodel,insteadof presumingastructure(possibly
inaccurate)given the lack of knowledgeof humanbrain connectivity. In orderto model
the dynamicneuronalcircuits underlyingreward processingin the humanbrains,we ex-
plore andcomparethe above DBNs. We proposeandcomparetwo learningschemesof



DML-HMMs, one is greedystructuresearch(Hill-Climbing) and the other is Structural
Expectation-Maximization(SEM).

To our knowledge,this is the �rst time thatDynamicBayesianNetworksareexploited in
modelingthe connectivity andinteractivity amongbrain regionsactivatedduring a fMRI
study. Our currentexperimentalclassi�cation resultsshow that by using DBNs, group
classi�cationcanbe performedeven if the DBNs areconstructedfrom asfew as5 brain
regions. We alsodemonstratethat, by using the proposedlearningalgorithms,different
DBN structurescharacterizedrug addictedsubjectsvs. control subjectswhich provides
an independenttest for the effectsof psychopathologyon brain function. From the ma-
chine learningpoint of view, this paperprovides an innovative applicationof Dynamic
BayesianNetworks in modelingdynamicneuronalcircuits. Furthermore,sincethestruc-
turesto be exploredareexclusively representedby hidden(cannotbe observed directly)
statesandtheir interconnectingarcs,thestructurelearningof DML-HMMs posesagreater
challengethanotherDBNs [5]. Fromtheneuroscienti�cpoint of view, drugaddictionis a
complex disordercharacterizedby compromisedinhibitory controlandrewardprocessing.
However, individualswith compromisedmechanismsof controlandrewardaredif�cult to
identify unlessthey aredirectly subjectedto challengingconditions.Modeling the inter-
active brain patternsis thereforeessentialsincesuchpatternsmay be uniqueto a certain
psychopathologyandcouldhencebeusedfor improving diagnosisandpreventionefforts
(e.g.,diagnosisof drug addiction,preventionof relapseor craving). In addition,the de-
velopmentof this framework canbeappliedto furtherour understandingof otherhuman
disordersandstatessuchasthoseimpactinginsightandawareness,thatsimilarly to drug
addictionarecurrentlyidenti�ed basedmostlyonsubjective criteriaandself-report.

Figure 1: Four typesof Dynamic BayesianNetworks: PaHMM, CHMM, FHMM and
DML-HMM.

2. Dynamic BayesianNetworks

In this section,we will brie�y describethegeneralframework of DynamicBayesianNet-
works.DBNsareBayesianBelief Networksthathavebeenextendedto modelthestochas-
tic evolution of a setof randomvariablesover time [5][7]. As describedin [10], a DBN
B canbe representedby two setsof parameters(m; £) wherethe �rst setm represents
thestructureof theDBN includingthenumberof hiddenstatevariablesS andobservation
variablesO per time instance,thenumberof statesfor eachhiddenstatevariableandthe
topologyof thenetwork (setof directedarcsconnectingthenodes).More speci�cally, the
i th hiddenstatevariableandthej th observationvariableat time instancet aredenotedas
S( i )

t andO( j )
t with i 2 f 1; :::; Nh g andj 2 f 1; :::; Nog, Nh andNo arethenumberof hid-

denstatevariablesandobservationvariablesrespectively. Thesecondsetof parameters£
includesthestatetransitionmatrixA, theobservationmatrixB andamatrix¼modelingthe
initial statedistribution P(Si

1). More speci�cally, A andB quantifythetransitionmodels
P(S( i )

t jPa(S( i )
t )) andobservationmodelsP(O( i )

t jPa(O( i )
t )) respectively wherePa(S( i )

t )
aretheparentsof S( i )

t (similarly Pa(O( i )
t ) for observations).In this paper, we will exam-

ine four typesof DBNs: Parallel HiddenMarkov Models(PaHMM) [17], CoupledHid-
denMarkov Models(CHMM)[2], Fully ConnectedHiddenMarkov Models(FHMM) and



DynamicallyMulti-Link ed HiddenMarkov Models(DML-HMM)[10 ] asshown in Fig 1
whereobservation nodesareshown asshadedcircles,hiddennodesasclearcirclesand
thecausalrelationshipsamonghiddenstatevariablesarerepresentedby thearcsbetween
hiddennodes. Notice that the �rst threeDBNs areessentiallythreespecialcasesof the
DML-HMM.

2.1. Learning of DBNs

Giventheform of DBNsin theprevioussections,therearetwo learningproblemsthatmust
besolvedfor real-world applications:1) Parameter Learning: assuming�x edstructure,
giventhetrainingsequencesof observationsO, how we adjustthemodelparametersB =
(m; £) to maximizeP(OjB ); 2) Structur e Learning: for DBNs with unknown structure
(i.e. DML-HMMs), how welearnthestructurefrom theobservationO. Parameterlearning
hasbeenwell studiedin [17][2]. Given�x edstructure,parameterscanbelearnediteratively
usingExpectation-Maximization(EM). TheE step,which involvestheinferenceof hidden
statesgiven parameters,canbe implementedusingan exact inferencealgorithmsuchas
the junction tree algorithm. Then the parametersand maximal likelihood L(£) can be
computediteratively from theM step.

In [10], theDML-HMM wasselectedfrom a setof candidatestructures,however these-
lection of candidatestructureis non-trivial for most applicationsincluding brain region
connectivity. For a DML-HMM with N hiddennodes,thetotal numberof differentstruc-
turesis 2N 2 ¡ N , thusit is impossibleto conductanexhaustive searchin mostcases.The
learningof DBNs involving both parameterlearningandstructurelearninghasbeendis-
cussedin [5], wherethe scoringrulesfor standardprobabilisticnetworks wereextended
to thedynamiccaseandtheStructuralEM (SEM) algorithmwasdevelopedfor structure
learningwhensomeof the variablesarehidden. The structurelearningof DML-HMMs
is morechallengingsincethestructuresto beexploredareexclusively representedby the
hiddenstatesandnoneof themcanbedirectly observed. In thefollowing, we will explain
two learningschemesfor the DML-HMMs. Onestandardway is to performparametric
EM within anouter-loop structuralsearch.Thus,our �rst schemeis to useanouter-loop
of the Hill-Climbing algorithm(DML-HMM-HC). For eachstepof the algorithm, from
the currentDBN, we �rst computea neighborlist by adding,deleting,or reversingone
arc.Thenwe performparameterlearningfor eachof theneighborsandgo to theneighbor
with theminimumscoreuntil thereis no neighborwhosescoreis higherthanthecurrent
DBN. Our secondlearningschemeis similar to the StructuralEM algorithm [5] in the
sensethat the structuraland parametricmodi�cation are performedwithin a single EM
process.As describedin [5][4], astructuralsearchcanbeperformedef�ciently givencom-
pleteobservationdata.However, aswe describedabove, thestructureof DML-HMMs are
representedby the hiddenstateswhich cannot be observed directly. Hence,we develop
the DML-HMM-SEM algorithmasfollows: given the currentstructure,we �rst perform
a parameterlearningandthen,for eachtrainingdata,we computetheMost ProbableEx-
planation(MPE), which computesthe mostlikely valuefor eachhiddennode(similar to
Viterbi in standardHMM). The MPE thusprovidesa completeestimationof the hidden
statesandacomplete-datastructuralsearch[4] is thenperformedto �nd thebeststructure.
Weperformlearningiteratively until thestructureconverges.In thisscheme,thestructural
searchis performedin the inner loop thusmaking the learningmoreef�cient. Pseudo-
codesof both learningschemesaredescribedin Table1. In this paper, we useSchwarz's
BayesianInformationCriterion(B I C): B I C = ¡ 2 logL(£ B ) + K B logN asour score
function wherefor a DBN B , L(£ B ) is the maximal likelihoodunderB , K B is the di-
mensionof theparametersof B andN is thesizeof the trainingdata. Theoretically, the
DML-HMM-SEM algorithmis notguaranteedto convergesincefor thesametrainingdata,
themostprobablyexplanations(Si ; Sj ) of two DML-HMMs B i ; B j mightbedifferent.In
theworstcase,oscillationbetweentwo structuresis possible.To guaranteehaltingof the
algorithm,a loop detectorcanbeaddedsothat,onceany structureis selectedin a second



time, we stopthe learningandselectthestructurewith theminimumscorevisitedduring
thesearching.However, in our experiments,thelearningalgorithmalwaysconvergedin a
few steps.

ProcedureDML-HMM-HC ProcedureDML-HMM-SEM
I nitial M odel(B 0); I nitial M odel(B 0);
Loop i = 0; 1; ::: until convergence: Loop i = 0; 1; ::: until convergence:

[B
0

i ; score0
i ] = Lear n Par ameter (B i ); [B

0

i ; score0
i ] = Lear n Par ameter (B i );

B 1::J
i = Generate N eighbors(B i ); S = M ost P r ob E xpl (B

0

i ; O);
for j=1..J B max

i = F ind B est Str uct(S);
[B j 0

i ; scorej
i ] = Lear n Par ameter (B j

i ); if B max
i == B

0

i

j = F ind M inscor e(score1::J
i ); returnB

0

i ;
if (scorej

i > score0
i ) else

returnB
0

i ; B i +1 = B max
i ;

else
B i +1 = B j

i ;

Table1: Two schemesof learningDML-HMMs: theleft columnlists theDML-HMM-HC
schemeandtheright columnlists theDML-HMM-SEM scheme.
3. Modeling Reward Neuronal Cir cuits: A CaseStudy

In this section,we will describeour casestudyof modelingReward Neuronal Circuits:
by usingDBNs, we aim to modelthe interactive patternof multiple brain regionsfor the
neuropsychologicalproblemof sensitivity to therelativevalueof money. Furthermore,we
will examinetherevealedfunctionalinformationencapsulatedin thetrainedDBNsthrough
agroupclassi�cationstudy:separatingdrugaddictedsubjectsfrom healthy non-drug-using
controlsbasedon trainedDBNs.

3.1. Data Collection and Preprocess

In ourexperiments,datawerecollectedto studytheneuropsychologicalproblemof lossof
sensitivity to therelative valueof money in cocaineusers[9].MRI studieswereperformed
on a 4T Varianscannerandall stimuli werepresentedusingLCD-gogglesconnectedto
a PC.Humanparticipantspresseda button or refrainedfrom pressingbasedon a picture
shown to them. They received a monetaryreward if they performedcorrectly. Speci�-
cally, threerunswererepeatedtwice (T1, T2, T3; andT1R, T2R, T3R) andin eachrun,
therewerethreemonetaryconditions(high money, low money, no money) anda baseline
condition; the orderof monetaryconditionswaspseudo-randomizedandidenticalfor all
participants.Participantswereinformedaboutthemonetaryconditionby a 3-secinstruc-
tion slide,presentingthestimuli: $0.45,$0.01or $0.00.Feedbackfor correctresponsesin
eachconditionconsistedof the respective numeraldesignatingthe amountof money the
subjecthasearnedif corrector thesymbol(X) otherwise.To simulatereal-lifemotivational
salience,subjectscouldgainupto $50dependingontheirperformanceonthis task.16co-
cainedependentindividuals,18-55yearsof age,in goodhealth,werematchedwith 12
non-drug-usingcontrolson sex, race,educationandgeneralintellectualfunctioning. Sta-
tisticalParametricMapping(SPM)[6] wasusedfor fMRI datapreprocessing(realignment,
normalization/registrationandsmoothing)andstatisticalanalyses.

3.2. Feature Selectionand Neuronal Cir cuit Modeling

ThefMRI dataareextremelyhigh dimensional(i.e. 53£ 63£ 46 voxelsperscan).Prior
to training theDBN, we selected5 brain regions: Left Inferior FrontalGyrus(Left IFG),
PrefrontalCortex (PFC,includinglateralandmedialdorsolateralPFCandtheanteriorcin-
gulate),Midbrain (including substantianigra),ThalamusandCerebellum.Theseregions
wereselectedbasedon prior SPManalysesrandom-effectsanalyses(ANOVA) wherethe
goalwasto differentiateeffect of money (high, low, no) from theeffect of group(cocaine,



Figure2: Learningprocessesand learnedstructuresfrom two algorithms. The leftmost
columndemonstratestwo (superimposed)learnedstructureswherelight graydashedarcs
(long dash)are learnedfrom DML-HMM-HC, dark gray dashedarcs(shortdash)from
DML-HMM-SEM andblacksolid arcsfrom both. Theright columnsshows thetransient
structuresof thelearningprocessesof two algorithmswhereblackrepresentsexistenceof
arcandwhite representsnoarc.

control)on all regionsthatwereactivatedto monetaryreward in all subjects.In all these
� ve regions, the monetarymain effect wassigni�cant asevidencedby region of interest
follow-up analyses.Of noteis thefact that these� ve regionsarepartof themesocorticol-
imbic rewardcircuit, previously implicatedin addiction. Eachof theabove brain regions
is presentedby a k-D featurevector wherek is the numberof brain voxels selectedin
this brain region (i.e. k = 3 for Left IFG andk = 8 for PFC).After featureselection,a
DML-HMM with 5 hiddennodescanbe learnedasdescribedin Sec.2 from the training
data. The leftmost imagein Fig. 2 shows two superimposedpossiblestructuresof such
DML-HMMs. Thecausalrelationshipsdiscoveredamongdifferentbrain regionsareem-
bodiedin thetopologyof theDML-HMM. Eachof the� vehiddenvariableshastwo states
(activatedor not) andeachcontinuousobservation variable(given by a k-D featurevec-
tor) representstheobservedactivationof eachbrainregion. TheProbabilisticDistribution
Function(PDF)of eachobservationvariableis a mixtureof Gaussiansconditionedby the
stateof its discreteparentnode.

Figure3: Left threeimagesshows the structureslearnedfrom the 3 subsetsof GroupC
andtheright threeimagesshows thoselearnedfrom subsetsof GroupS.Figureshows that
somearcsconsistentlyappearedin GroupC but not consistentlyin GroupS (marked in
darkgray)andvice versa(marked in light gray),which impliessuchgroupdifferencesin
theinteractive brainpatternsmaycorrespondto thelossof sensitivity to therelative value
of money in cocaineusers.
4. Experimentsand Results

We collectedfMRI dataof 16 drug addictedsubjectsand12 control subjects,6 runsper
participant. Due to headmotion, somedatacould not be used. In our experiments,we
usedatotalof 152fMRI sequences(87scanspersequence)with 86sequencesfor thedrug
addictedsubjects(GroupS)and66 for controlsubjects(GroupC).

First we comparethe two learningschemesfor DML-HMMs proposedin Sec. 2. Fig. 2
demonstratesthelearningprocess(initializedwith theFHMM) for drugaddictedsubjects.
Theleftmostcolumnshows two learnedstructureswhereredarcsarelearnedfrom DML-
HMM-HC, greenarcsfromDML-HMM-SEM andblackarcsfromboth.Theright columns
show thelearningprocessesof DML-HMM-SEM (top)andDML-HMM-HC (bottom)with



black representingexistenceof arcandwhite representingno arc. Sincein DML-HMM-
SEM,structurelearningis in theinnerloop,thelearningprocessis muchfasterthanthatof
DML-HMM-HC. WealsocomparedtheBIC scoresof thelearnedstructuresandwefound
DML-HMM-SEM selectedbetterstructuresthanDML-HMM-HC.

It is alsovery interestingto examinethe structurelearningprocessesby usingdifferent
training data. For eachparticipantgroup,we randomlyseparatedthe dataset into three
subsetsandtrainedDBNsarereportedin Fig. 3 wheretheleft threeimagesshow thestruc-
tureslearnedfrom the3 subsetsof GroupC andtheright threeimagesshow thoselearned
from subsetsof GroupS. In Fig. 3, we foundthelearnedstructuresof eachgrouparesim-
ilar. We alsofound that somearcsconsistentlyappearedin GroupC but not consistently
in GroupS (marked in red) andvice versa(marked in green),which implies suchgroup
differencesin theinteractive brainpatternsmaycorrespondto thelossof sensitivity to the
relative valueof money in cocaineusers.More speci�cally, in Fig. 3, the averageintra-
groupsimilarity scoreswere80%and78.3%,while cross-groupsimilarity was56.7%.

Figure 4: Classi�cation results: All DBN methodssigni�cantly improved classi�cation
ratescomparedto K-NearestNeighborwith DML-HMM performingbest.
Thesecondsetof experimentswasto apply thetrainedDBNs for groupclassi�cation. In
our datacollection,therewere6 runsof fMRI collection:T1, T2, T3, T1R,T2R andT3R
with thelatterlatterrepeatingtheformerthree,groupedinto4datasetsf T1; T2; T3; ALL g
with ALL containingall thedata.We performedclassi�cationexperimentson eachof the
4 datasetswherethe datawererandomlydivided into a training setanda testingsetof
equalsize. During training, thedescribedfour DBN typewereemployedusingthe train-
ing set while during the learningof DML-HMMs, different initial structures(PaHMM,
CHMM, FHMM) wereusedandthestructurewith theminimumBIC scorewasselected
from the threelearnedDML-HMMs. For eachmodel,two DBNs f B c; Bsg weretrained
on the training data of Group C and Group S respectively. During testing, for each
testingfMRI sequenceOtest , we computedtwo likelihoodsP test

c = P(Otest jBc) and
P test

s = P(Otest jBs) usingthe two trainedDBNs. Sincethe two DBNs may have dif-
ferentstructures,insteadof directly comparingthetwo likelihoods,weusedthedifference
betweenthesetwo likelihoodsfor classi�cation.Morespeci�cally, duringtraining,for each
training sequenceTRi , we computedthe ratio of two likelihoodsRT R

i = P i
c =Pi

s where
P i

c = P(TRi jBc) andP i
s = P(TRi jBs). As expected,generallythe ratios of Group

C trainingdataweresigni�cantly greaterthanthoseof GroupS. During testing,the ratio
Rtest = P test

c =Ptest
s for eachtestsequencewasalsocomputedandcomparedto theratios

of thetrainingdatafor classi�cation. Fig. 4 reportstheclassi�cationratesof thedifferent
DBNs on eachdataset.For comparison,thek-th NearestNeighbor(KNN) algorithmwas
appliedonthefMRI sequencesdirectlyandFig. 4 showsthatby usingDBNs,classi�cation
ratesaresigni�cantly betterwith DML-HMM outperformingall othermodels.

5. Conclusionsand Futur eWork

In this work, we contributeda framework of exploiting DynamicBayesianNetworks to
modelthe functional informationof the fMRI data. We exploredfour typesof DBNs: a
Parallel HiddenMarkov Model (PaHMM), a CoupledHiddenMarkov Model (CHMM),



a Fully-linked HiddenMarkov Model (FHMM) anda DynamicallyMulti-link ed Hidden
Markov Model. Furthermore,we proposedandcomparedtwo structurallearningschemes
of DML-HMMs andappliedthe DBNs to a groupclassi�cationproblem. To our knowl-
edge,this is the �rst time that Dynamic BayesianNetworks are exploited in modeling
the connectivity and interactivity amongbrain voxels from fMRI data. This framework
of exploring functionalinformationof fMRI dataprovidesa novel approachof revealing
brainconnectivity andinteractivity andprovidesanindependenttestfor theeffect of psy-
chopathologyonbrainfunction.

Currently, DBNs useindependentlypre-selectedbrainregions,thussomeotherimportant
interactivity informationmayhave beendiscardedin thefeatureselectionstep.Our future
work will focusondevelopingadynamicneuronalcircuit modelingframework performing
featureselectionandDBN learningsimultaneously. Due to computationallimits andfor
clarity purposes,weexploredonly 5 brainregionsandthusanotherdirectionof futurework
is to developa hierarchicalDBN topologyto comprehensively modelall implicatedbrain
regionsef�ciently .
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