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Abstract

FunctionalMagneticResonancémaging (fMRI) hasenabledscientists
to look into the active brain. However, interactvity betweenfunctional
brainregions,is still little studied. In this paper we contribute a novel
framawork for modelingthe interactionsbetweenmultiple active brain
regions,usingDynamicBayesiarNetworks (DBNs) asgeneratre mod-
elsfor brain activation patterns.This framework is appliedto modeling
of neuronalcircuits associatedvith reward. The novelty of our frame-
work from a MachineLearningperspectie lies in the useof DBNs to
reveal the brain connectvity andinteractvity. Suchinteractvity mod-
els which are derived from fMRI data are then validated through a
groupclassi cationtask. We employ andcomparefour differenttypes
of DBNs: Parallel Hidden Markov Models, CoupledHidden Markov
Models, Fully-linked Hidden Markov Models and Dynamically Multi-
LinkedHMMs (DML-HMM). Moreover, we proposeand comparetwo
schemef learningDML-HMMs. Experimentalresultsshav that by
usingDBNSs, groupclassi cationcanbe performedevenif theDBNsare
constructedrom asfew as5 brainregions.We alsodemonstrat¢hat, by
usingtheproposedearningalgorithms differentDBN structuresharac-
terizedrug addictedsubjectsvs. controlsubjects.This nding provides
anindependentestfor the effect of psychopathologyn brainfunction.
In generalwe demonstratéhatincorporationof computerscienceprin-
ciplesinto functionalneuroimaging:linical studiesprovidesa novel ap-
proachfor probinghumanbrainfunction.

1. Intr oduction

FunctionalMagneticResonanceémaging (fMRI) hasenabledscientiststo look into the
active humanbrain[1] by providing sequencesf 3D brainimageswith intensitiesrepre-
sentingbloodoxygenatiorievel dependenfBOLD) regionalactivations.This hasrevealed
exciting insightsinto the spatialandtemporalchangesinderlyinga broadrangeof brain
functions,suchas how we see,feel, move, understandeachotherandlay down memo-
ries. This fMRI technologyoffersfurther promiseby imagingthe dynamicaspectof the
functioning humanbrain. Indeed,fMRI hasencouraged growing interestin revealing
brain connectvity andinteractvity within the neuroscienceommunity It is for exam-
ple understoodhat a dynamicallymanagedyoal directedbehaior requiresneuralcon-
trol mechanism®rchestratedo selectthe appropriateand task-rel@ant responsesvhile
inhibiting irrelevant or inappropriateprocesse$l?]. To date,the analysesaandinterpre-
tation of fMRI datathat are mostcommonlyemployed by neuroscientistslependon the



cognitive-behaioral probesthataredevelopedto tap regional brainfunction. Thus,brain
responsearea-priorilabeledbasedn the putative underlyingtaskconditionandarethen
usedto separate priori de ned groupsof subjects.In recentcomputerscienceresearch
[18][13][3][19], machindearningmethodshave beenappliedfor fMRI dataanalysis How-
ever, in theseapproachemformationon the connectvity andinteractvity betweerbrain
voxelsis discardedcandbrainvoxelsareassumedo beindependentyhichis aninaccurate
assumptioriseeuseof statisticaimapg3][19] or themeanof eachfMRI timeinterval[13)]).
In this paper we exploit Dynamic BayesianNetworks for modelingdynamic(i.e., con-
nectingandinteracting)neuronalcircuits from fMRI sequencesWe suggesthatthrough
incorporationof graphicalmodelsinto functional neurocimagingstudieswe will be able
to identify neuronalpatternsof connectvity andinteractvity thatwill provide invaluable
insightsinto basicemotionaland cognitive neuroscienceonstructs.We further propose
thatthis interscienti c incorporationmay provide a valid tool whereobjective brainimag-
ing dataareusedfor the clinical purposeof diagnosisof psychopathologySpeci cally, in
our casestudywe will modelneuronalcircuits associatedvith reward processingn drug
addiction. We have previously shavn lossof sensitvity to the relative value of money in
cocaineusers[9]. It hasalsobeenpreviously highlightedthatthe complex mechanisrnof
drug addictionrequiresthe connectiity andinteractvity betweenregionscomprisingthe
mesocorticolimbiccircuit [12][8]. However, althoughadwvancementhave beenmadein
studyingthis circuit's role in inhibitory controlandreward processinginferenceaboutthe
connectvity andinteractvity of theseregionsis atbestindirect. Dynamicalcausaimodels
have beencomparedn [16]. Comparedvith dynamiccausalmodels,DBNs admita class
of nonlinearcontinuous-timénteractionsamongthe hiddenstatesand modelboth causal
relationshipsbetweenbrain regionsandtemporalcorrelationsamongmultiple processes,
usefulfor bothclassi cationandpredictionpurposes.

Probabilisticgraphicalmodels[14][11] aregraphsin which nodesrepresentandomvari-
ables,andthe (lack of) arcsrepresentonditionalindependencassumptionsin our case,
interconnectedrainregionscanbe consideredsnodesof a probabilisticgraphicalmodel
andinteractvity relationshipshbetweenregions are modeledby probability valueson the
arcs(or the lack of) betweenthesenodes. However, the major challengein sucha ma-
chine learningapproachis the choiceof a particular structurethat modelsconnectvity
andinteractvity betweerbrainregionsin anaccumate andefcient manner In this work,
we contrikute a frameavork of exploiting Dynamic BayesianNetworks to modelsucha
structurefor the fMRI data. More speci cally, insteadof modelingeachbrain region in
isolation,we aim to modelthe interactive patternof multiple brain regions. Furthermore,
the revealedfunctionalinformationis validatedthrougha groupclassi cation casestudy:
separatinglrug addictedsubjectsfrom healtly non-drug-usingcontrolsbasedon trained
Dynamic BayesianNetworks. Both corventional BBNs and HMMs are unsuitablefor
modelingactiities underpinnedhot only by causabut alsoby cleartemporalcorrelations
amongmultiple processefL0], andDynamicBayesiarNetworks[5][7] arerequired.Since
the stateof eachbrainregion is notknown (only obsenationsof activationexist), it canbe
thoughtof asa hiddenvariable[13. An intuitive way to constructa DBN is to extenda
standardHMM to a setof interconnectednultiple HMMs. For example,Vogleretal. [17]
proposedParallel HiddenMarkov Models (PaHMMs) thatfactorizestatespaceinto mul-
tiple independentemporalprocessewithout causalconnectionsn-between.Brandet al.
[2] exploited CoupledHiddenMarkov Models(CHMMSs) for complex actionrecognitions.
Gonget al. [10] developeda Dynamically Multi-Link ed Hidden Markov Model (DML-
HMM) for the recognitionof groupactvities involving multiple differentobjecteventsin
a noisy outdoorscene. This modelis the only one of thosemodelsthat learnsboth the
structureandparametersf thegraphicalmodel,insteadof presuminga structure(possibly
inaccurate)given the lack of knowledgeof humanbrain connectvity. In orderto model
the dynamicneuronalcircuits underlyingreward processingn the humanbrains,we ex-
plore and comparethe abore DBNs. We proposeand comparetwo learningschemef



DML-HMMs, oneis greedystructuresearch(Hill-Climbing) andthe otheris Structural
Expectation-MaximizatiogSEM).

To our knowledge,thisis the rst time that DynamicBayesiarNetworks are exploitedin
modelingthe connectvity andinteractvity amongbrain regionsactivatedduring a fMRI
study Our currentexperimentalclassi cation resultsshav that by using DBNs, group
classi cationcanbe performedevenif the DBNs are constructedrom asfew as5 brain
regions. We alsodemonstratéhat, by using the proposedearningalgorithms,different
DBN structurescharacterizedrug addictedsubjectsvs. control subjectswhich provides
an independentestfor the effects of psychopathologyn brain function. From the ma-
chine learning point of view, this paperprovides an innovative applicationof Dynamic
BayesianNetworks in modelingdynamicneuronalircuits. Furthermoresincethe struc-
turesto be explored are exclusively representedby hidden(cannotbe obsered directly)
statesandtheirinterconnectingrcs,the structurdearningof DML-HMMs posesagreater
challengghanotherDBNs [5]. Fromtheneuroscienti cpoint of view, drugaddictionis a
comple disordercharacterizethy compromisednhibitory controlandrewardprocessing.
However, individualswith compromisednechanismsf controlandrewardaredif cult to
identify unlessthey aredirectly subjectedo challengingconditions. Modeling the inter-
active brain patternds thereforeessentiakincesuchpatternsmay be uniqueto a certain
psychopathologyndcould hencebe usedfor improving diagnosisandpreventionefforts
(e.g.,diagnosisof drug addiction,preventionof relapseor craving). In addition, the de-
velopmentof this frameavork canbe appliedto further our understandingf otherhuman
disordersandstatessuchasthoseimpactinginsightandawarenessthat similarly to drug
addictionarecurrentlyidenti ed basedmostly on subjectve criteriaandself-report.
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Figure 1: Four typesof Dynamic BayesianNetworks: PaHMM, CHMM, FHMM and
DML-HMM.

2. Dynamic BayesianNetworks

In this section,we will brie y describethe generalframavork of DynamicBayesianNet-
works. DBNs areBayesiarBelief Networksthathave beenextendedo modelthe stochas-
tic evolution of a setof randomvariablesover time [5][7]. As describedn [10], a DBN
B canbe representedby two setsof parametergm; £) wherethe rst setm represents
the structureof the DBN includingthe numberof hiddenstatevariablesS andobsenation
variablesO pertime instancethe numberof statesfor eachhiddenstatevariableandthe
topologyof the network (setof directedarcsconnectinghe nodes).More speci cally, the
ith hiddenstatevariableandthej th obserationvariableat time instance aredenotedas
St(') andOt(” withi 2 f1;::;;Npgandj 2 f1;:::;Nog, Ny andN, arethenumberof hid-
denstatevariablesandobsenationvariablesrespectrely. The secondsetof parameterg
includesthestatetransitionmatrix A, theobserationmatrixB andamatrix’smodelingthe
initial statedistribution P (S}). More speci cally, A andB quantifythe transitionmodels

P (St(i)jP a(St(i))) andobser\ation modeIsP (Ot(i)j P a(Ot(i))) respectrely whereP a(St(i))
arethe parentsof St(') (similarly P a(Ot(')) for obsenations).In this paper we will exam-

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



Dynamically Multi-Link ed HiddenMarkov Models (DML-HMM)[10] asshowvn in Fig 1

whereobsenation nodesare shavn as shadedcircles, hiddennodesas clear circles and
the causalrelationshipsamonghiddenstatevariablesarerepresentedtyy the arcsbetween
hiddennodes. Notice thatthe rst three DBNs are essentiallythreespecialcasesof the

DML-HMM.

2.1 Learning of DBNs

Giventheform of DBNsin the previoussectionstherearetwo learningproblemshatmust
be solvedfor real-world applications:1) Parameter Learning: assumingx edstructure,
giventhetraining sequencesf obsenationsO, how we adjustthe modelparameter8 =
(m; £) to maximizeP (OjB); 2) Structure Learning: for DBNs with unknowvn structure
(i.e. DML-HMMSs), how we learnthestructurefrom theobsenationO. Parametetfearning
hasbeenwell studiedn [17][2]. Given x edstructureparametersanbelearnedteratively
usingExpectation-MaximizatioEM). The E step,whichinvolvestheinferenceof hidden
statesgiven parametersgan be implementedusing an exact inferencealgorithmsuchas
the junction tree algorithm. Thenthe parametersaand maximallikelihood L (E) canbe
computedteratively from theM step.

In [10], the DML-HMM wasselectedrom a setof candidatestructureshowever the se-
lection of candidatestructureis non-trivial for mostapplicationsincluding brain region
connectity. ForaDML-HMM with N hiddennodesthetotal numberof differentstruc-

turesis 2N °i N | thusit is impossibleto conductan exhaustve searchin mostcases.The
learningof DBNs involving both parametetearningandstructurelearninghasbeendis-
cussedn [5], wherethe scoringrulesfor standardprobabilisticnetworks were extended
to the dynamiccaseandthe StructuralEM (SEM) algorithmwas developedfor structure
learningwhen someof the variablesare hidden. The structurelearningof DML-HMMs
is morechallengingsincethe structurego be exploredareexclusively representedy the
hiddenstatesandnoneof themcanbedirectly obsenred. In the following, we will explain
two learningschemedor the DML-HMMs. Onestandardwvay is to performparametric
EM within anouterloop structuralsearch.Thus,our rst schemds to usean outerloop
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 performparametetfearningfor eachof the neighborsandgo to the neighbor
with the minimum scoreuntil thereis no neighborwhosescoreis higherthanthe current
DBN. Our secondlearningschemeis similar to the StructuralEM algorithm[5] in the
sensethat the structuraland parametricmodi cation are performedwithin a single EM
processAs describedn [5][4], astructuralsearclcanbeperformedef ciently givencom-
pleteobsenationdata.However, aswe describedabore, the structureof DML-HMMs are
representedby the hiddenstateswhich cannot be obsered directly. Hence,we develop
the DML-HMM-SEM algorithmasfollows: giventhe currentstructure we rst perform
a parametetearningandthen,for eachtraining data,we computethe Most ProbableEx-
planation(MPE), which computeghe mostlikely valuefor eachhiddennode(similar to
Viterbi in standardHMM). The MPE thus provides a completeestimationof the hidden
statesanda complete-datatructuralsearcH4] is thenperformedo nd thebeststructure.
We performlearningiteratively until the structureconverges.In this schemethe structural
searchis performedin the inner loop thus making the learningmore ef cient. Pseudo-
codesof bothlearningschemesredescribedn Tablel. In this paper we useSchwarz's
BayesiannformationCriterion(BI C): BIC = | 2logL(£g) + Kg logN asourscore
function wherefor a DBN B, L(£ g) is the maximallikelihoodunderB, Kg is the di-
mensionof the parameter®f B andN is the sizeof the training data. Theoretically the
DML-HMM-SEM algorithmis notguaranteetb cornvergesincefor thesametrainingdata,
themostprobablyexplanationgsS;; S; ) of two DML-HMMs B;; B; mightbedifferent.In
theworstcase oscillationbetweentwo structuress possible.To guarantednalting of the
algorithm,aloop detectorcanbe addedsothat, onceary structureis selectedn a second



time, we stopthe learningandselectthe structurewith the minimum scorevisited during
the searching However, in our experimentsthelearningalgorithmalwaysconvergedin a
few steps.

ProcedurddML-HMM-HC ProcedurdML-HMM-SEM

I nitial _M odel(Bo); I nitial _M odel(Bo);

Loopi = 0;1;::: until corvergence: Loopi = 0;1;::: until corvergence:
[Bio; score’] = Lear n_Parameter (B;); [Bio; score’] = Lear n_Parameter (B;);
B!* = Generate_N eighbors(B;); S = Most.ProhExpl(B;;0):
forj=1..J B™ = Find _Best_Str uct(S);

[B)";scord | = Learn_Parameter(B!); | if B™ == B/
j = Find _M inscor e(score ); retunB;
if (scorel > score) else

returnBio; Bi+1 = B™;
else

Bin = Bl

Tablel: Two scheme®f learningDML-HMMs: theleft columnliststhe DML-HMM-HC
schemeandtheright columnlists the DML-HMM-SEM scheme.

3. Modeling Reward Neuronal Cir cuits: A CaseStudy

In this section,we will describeour casestudy of modelingReward Neuronal Circuits:
by usingDBNs, we aim to modelthe interactve patternof multiple brain regionsfor the
neuropsychologicadroblemof sensitvity to therelative valueof monegy. Furthermorewe
will examinetherevealedfunctionalinformationencapsulateth thetrainedDBNsthrough
agroupclassi cationstudy: separatinglrugaddictedsubjectdrom healtty non-drug-using
controlshasedn trainedDBNSs.

3.1 Data Collection and Preprocess

In our experimentsdatawerecollectedto studythe neuropsychologicgdroblemof lossof
sensitvity to therelative valueof money in cocaineusers[9].MRI studieswereperformed
on a 4T Varianscannerandall stimuli were presentedising LCD-gogglesconnectedo
a PC.Humanparticipantspressed button or refrainedfrom pressingbasedon a picture
shavn to them. They receved a monetaryreward if they performedcorrectly Speci -
cally, threerunswererepeatedwice (T1, T2, T3; andT1R, T2R, T3R) andin eachrun,
therewerethreemonetaryconditions(high money, low money, no money) anda baseline
condition; the orderof monetaryconditionswas pseudo-randomizedndidenticalfor all
participants.Participantswereinformedaboutthe monetaryconditionby a 3-secinstruc-
tion slide, presentinghe stimuli: $0.45,$0.010r $0.00.FeedbacHor correctresponsem
eachcondition consistedf the respectre numeraldesignatinghe amountof money the
subjecthasearnedf corrector thesymbol(X) otherwise.To simulatereal-life motivational
saliencesubjectxouldgain upto $50dependingn their performancenthistask. 16 co-
cainedependentndividuals, 18-55yearsof age,in good health, were matchedwith 12
non-drug-usingontrolson sex, race,educatiorandgeneralintellectualfunctioning. Sta-
tistical ParametridVlapping(SPM)[6 wasusedfor fMRI datapreprocessinrealignment,
normalization/rgistrationandsmoothing)andstatisticalanalyses.

3.2 Feature Selectionand Neuronal Cir cuit Modeling

ThefMRI dataareextremelyhigh dimensionali.e. 53£ 63 £ 46 voxelsperscan).Prior
to trainingthe DBN, we selected brainregions: Left Inferior Frontal Gyrus(Left IFG),
PrefrontalCortex (PFC,includinglateralandmedialdorsolateraPFCandtheanteriorcin-
gulate),Midbrain (including substantianigra), Thalamusand Cerebellum.Theseregions
wereselectedbasedon prior SPM analysesandom-efectsanalyseANOVA) wherethe
goalwasto differentiateeffect of money (high, low, no) from the effect of group(cocaine,
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Figure 2: Learningprocessesnd learnedstructuresfrom two algorithms. The leftmost
columndemonstratesvo (superimposedparnedstructuresvherelight gray dashedarcs
(long dash)are learnedfrom DML-HMM-HC, dark gray dashedarcs(shortdash)from

DML-HMM-SEM andblack solid arcsfrom both. The right columnsshaws the transient
structuref thelearningprocessesf two algorithmswhereblack representsxistenceof

arcandwhite representsioarc.

control) on all regionsthatwereactivatedto monetaryrewardin all subjects.In all these

ve regions, the monetarymain effect was signi cant as evidencedby region of interest
follow-up analysesOf noteis thefactthatthese ve regionsarepartof the mesocorticol-
imbic reward circuit, previously implicatedin addiction. Eachof the above brainregions
is presentedby a k-D featurevectorwherek is the numberof brain voxels selectedn
this brainregion (i.e. k = 3 for Left IFG andk = 8 for PFC). After featureselection,a
DML-HMM with 5 hiddennodescanbe learnedasdescribedn Sec. 2 from thetraining
data. The leftmostimagein Fig. 2 shovs two superimposegbossiblestructuresof such
DML-HMMs. The causalrelationshipsliscoreredamongdifferentbrainregionsareem-
bodiedin thetopologyof the DML-HMM. Eachof the ve hiddenvariableshastwo states
(activatedor not) and eachcontinuousobsenation variable(given by a k-D featurevec-
tor) representshe obseredactivation of eachbrainregion. The ProbabilisticDistribution
Function(PDF) of eachobsenationvariableis a mixture of Gaussiangonditionedby the
stateof its discreteparentnode.
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Figure 3: Left threeimagesshows the structuredearnedfrom the 3 subsetof GroupC
andtheright threeimagesshovs thoselearnedrom subset®f GroupS. Figureshows that
somearcsconsistentlyappearedn Group C but not consistentlyin Group S (marked in
dark gray) andvice versa(markedin light gray), which implies suchgroupdifferencesn
theinteractve brain patternamay correspondo thelossof sensitvity to therelative value
of mone in cocaineusers.

4. Experimentsand Results

We collectedfMRI dataof 16 drug addictedsubjectsand 12 control subjects6 runsper
participant. Due to headmotion, somedatacould not be used. In our experiments we
usedatotal of 152fMRI sequence7 scangersequenceyith 86 sequencefr thedrug
addictedsubjectdGroupS) and66 for controlsubjectgGroupC).

First we comparethe two learningschemedor DML-HMMs proposedn Sec. 2. Fig. 2
demonstratethelearningprocesginitialized with the FHMM) for drugaddictedsubjects.
Theleftmostcolumnshaows two learnedstructuresvhereredarcsarelearnedfrom DML-
HMM-HC, greenarcsfrom DML-HMM-SEM andblackarcsfrom both. Theright columns
shaw thelearningprocessesf DML-HMM-SEM (top) andDML-HMM-HC (bottom)with



black representingexistenceof arc andwhite representinguo arc. Sincein DML-HMM-
SEM, structurdearningis in theinnerloop, thelearningprocesss muchfasterthanthatof
DML-HMM-HC. We alsocomparedheBIC scoref thelearnedstructuresandwe found
DML-HMM-SEM selectedetterstructuregshanDML-HMM-HC.

It is alsovery interestingto examinethe structurelearningprocessedy using different
training data. For eachparticipantgroup, we randomlyseparatedhe datasetinto three
subsetandtrainedDBNs arereportedn Fig. 3 wheretheleft threeimagesshawv thestruc-

tureslearnedfrom the 3 subset®f GroupC andtheright threeimagesshowv thoselearned
from subset®f GroupS. In Fig. 3, we foundthelearnedstructuref eachgrouparesim-

ilar. We alsofoundthatsomearcsconsistentlyappearedn Group C but not consistently
in Group S (marked in red) andvice versa(marked in green),which implies suchgroup
differencesn theinteractve brain patterngnay correspondo thelossof sensitvity to the

relative value of mongy in cocaineusers. More speci cally, in Fig. 3, the averageintra-

groupsimilarity scoresvere80%and78.3%,while cross-grougimilarity was56.7%.
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Figure4: Classi cationresults: All DBN methodssigni cantly improved classi cation
ratescomparedo K-NearestNeighborwith DML-HMM performingbest.

The secondsetof experimentswvasto apply the trainedDBNSs for groupclassi cation. In

our datacollection,therewere6 runsof fMRI collection: T1, T2, T3, T1R, T2Rand T3R

with thelatterlatterrepeatingheformerthree groupednto 4 datasetsf T1; T2; T3; ALL g

with ALL containingall the data.We performedclassi cationexperimentson eachof the

4 datasetswherethe datawererandomlydivided into a training setand a testingset of

equalsize. During training, the describedour DBN type wereemployed usingthe train-

ing setwhile during the learningof DML-HMMs, differentinitial structures(PaHMM,

CHMM, FHMM) wereusedandthe structurewith the minimum BIC scorewasselected
from the threelearnedDML-HMMs. For eachmodel,two DBNsfB; Bsg weretrained
on the training data of Group C and Group S respectiely. During testing, for each
testingfMRI sequenceDiest , we computedtwo likelihoodsPs! = P (Ot jBc) and
Plst = P(Ogest jBs) usingthe two trainedDBNSs. Sincethe two DBNs may have dif-

ferentstructuresinsteadof directly comparingthetwo lik elihoods we usedthe difference
betweerthesewo likelihoodsfor classi cation. More speci cally, duringtraining,for each
training sequencd R;, we computedthe ratio of two likelihoodsR| R = Pl=P! where
P! = P(TRijB¢) andP! = P(TR;jBs). As expected,generallythe ratios of Group
C training dataweresigni cantly greaterthanthoseof GroupS. During testing,the ratio

Riest = Pt =Pest for eachtestsequencevasalsocomputecandcomparedo theratios
of thetraining datafor classi cation. Fig. 4 reportsthe classi cationratesof the different
DBNs on eachdataset. For comparisonthe k-th NearestNeighbor(KNN) algorithmwas
appliedonthefMRI sequencedirectlyandFig. 4 shavsthatby usingDBNSs, classi cation
ratesaresigni cantly betterwith DML-HMM outperformingall othermodels.

5. Conclusionsand Futur e Work

In this work, we contrituted a framewvork of exploiting Dynamic BayesianNetworks to
modelthe functionalinformationof the fMRI data. We exploredfour typesof DBNs: a
Parallel Hidden Markov Model (PaHMM), a CoupledHidden Markov Model (CHMM),



a Fully-linked Hidden Markov Model (FHMM) anda Dynamically Multi-link ed Hidden
Markov Model. Furthermorewe proposedcandcomparedwo structurallearningschemes
of DML-HMMs andappliedthe DBNSs to a groupclassi cation problem. To our knowl-
edge, this is the rst time that Dynamic BayesianNetworks are exploited in modeling
the connectvity andinteractvity amongbrain voxels from fMRI data. This framewvork
of exploring functionalinformationof fMRI dataprovidesa novel approactof revealing
brain connecwity andinteractvity andprovidesanindependentestfor the effect of psy-
chopathologyon brainfunction.

Currently DBNs useindependentlypre-selectedbrain regions,thussomeotherimportant
interactvity informationmay have beendiscardedn thefeatureselectionstep.Our future
work will focusondevelopingadynamicneuronakircuit modelingframevork performing
featureselectionand DBN learningsimultaneously Due to computationalimits andfor
clarity purposeswe exploredonly 5 brainregionsandthusanothedirectionof futurework
is to develop a hierarchicalDBN topologyto comprehensiely modelall implicatedbrain
regionsef ciently.
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