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Abstract

DNA hybridizationarrayssimultaneouslyneasurgéheexpressiorievel for thousandsf genesThese
measurementprovide a “snapshot”of the cell's transcriptions. A major challengein computational
biology is to uncover, from suchmeasurementgiene/proteirinteractionsandkey biologicalfeaturesof
thecellularsystem.

In this paperwe proposeanew framework for discoveringinteractiondbetweergenesdhasecn mul-
tiple expressiormeasurementd.his framawork builds on the useof Bayesiametworksfor representing
statisticaldependenciesA Bayesiametwork is a graphicalmodelof joint multivariateprobability dis-
tributionsthat capturegropertiesof conditionalindependencbetweenvariables.Suchmodelsareat-
tractive for their ability to describecomplex stochastigrocessesandfor providing clearmethodologies
for learningfrom (noisy) obsenations.

We startby shaving how Bayesiannetworks can describeinteractionsbetweengenes. We then
presentan ef cient algorithmcapableof learningsuchnetworks anda statisticalmethodto assessur
con dencein their features.Finally, we apply this methodto the S. cerevisaecell-cycle measurements
of Spellmaretal. (1998)to uncover biologicalfeatures.



1 Intr oduction

A centralgoal of molecularbiology is to understandhe regulation of proteinsynthesisandits reactions
to externalandinternalsignals. All the cellsin an organismcarry the samegenomicdata, but their pro-
tein malkeup can be drasticallydifferent both temporallyand spatially Proteinsynthesids regulatedby
mary mechanismsitits differentlevels. Theseincludemechanismsgor controllingtranscriptioninitiation,
RNA splicing, mRNA transporttranslationinitiation, post-translationainodi cations, anddegradationof
mMRNA/protein. Oneof the mainjunctionsat which regulationoccursis mRNA transcription.A majorrole
in this machineryis playedby proteinsthemseles,thatbind to regulatoryregionsalongthe DNA, greatly
affectingthetranscriptionof the geneghey regulate.

In recentyears,technicalbreakthroughsn spottinghybridizationprobesand advancesin genomese-
quencingefforts leadto developmentof DNA microarrays which consistof mary specief probesgither
oligonucleotider cDNA, thatareimmobilizedin a prede nedorganizationto a solid surface. By using
DNA microarraysresearcherare now ableto measurghe ablundanceof thousandof mRNA tamgetssi-
multaneouslyDeRisi. et al. 1997,Lockhartet al. 1996, Wen et al. 1998). Unlike classicalexperiments,
wherethe expressiorlevels of only afew geneswerereported DNA microarrayexperimentanmeasure
all thegenesof anorganism,providing a “genomic” viewpoint on geneexpression As a consequencehis
technologyfacilitatesnen experimentalpproacheor understandingeneexpressiorandregulation(lyer
etal. 1999,Spellmaretal. 1998).

Early microarrayexperimentsxaminedfew samplesandmainly focusedon differentialdisplayacross
tissuesor conditionsof interest. The designof recentexperimentfocuseson performingalargernumberof
microarrayexperimentgangingin sizefrom adozento a few hundredof samplesin the nearfuture,data
setscontainingthousandef samplesill becomeavailable. Suchexperimentollectenormouamountsof
data,which clearlyre ect mary aspectof the underlyingbiological processesAn importantchallenges
to develop methodologieshatareboth statisticallysoundandcomputationallytractablefor analyzingsuch
datasetsandinferring biologicalinteractiondrom.

Mostof theanalysigoolscurrentlyin usearebasedn clusteringalgorithms.Thesealgorithmsattempto
locategroupsof genedhathave similar expressiorpatternsoverasetof experimentgAlon etal. 1999,Ben-
Dor & Yakhini 1999,Eisenetal. 1998,Michaelsetal. 1998,Spellmanetal. 1998). Suchanalysiss useful
in discorering geneghatareco-regulated. A moreambitiousgoal for analysisis revealingthe structureof
the transcriptionalregulation system(Akutsu et al. 1998, Chenet al. 1999, Somogyiet al. 1996, Weaver
etal. 1999).Thisis clearlya hardproblem:Mainly sincemRNA expressiordataalonegivesonly a partial
picturethatdoesnotre ect key events,suchastranslatiorandprotein(in)activation,which play amajorrole
in regulationof MRNA transcription.In addition,the amountof samplesgvenin the largestexperiments
in theforeseeabléuture,doesnot provide enoughinformationto constructa full detailedmodelwith high
statisticalsigni cance. Finally, usingcurrenttechnologyeventhesefew samplesave a high noiseto signal
ratio, attimesthe noisebeingmuchstrongerthanthe signal.

In this paper we introducea new approachfor analyzinggeneexpressiorpatternsthatuncorers prop-
erties of the transcriptionalprogramby examining statisticalpropertiesof dependencand conditional
independencén the data. We baseour approachon the well-studied statisticaltool of Bayesiannet-
works(Pearl1988). Thesenetworksrepresenthe dependencstructurebetweermultiple interactingguanti-
ties(e.g.,expressiorievels of differentgenes) Our approachprobabilisticin nature js capableof handling
noiseandestimatingthe con dencein the differentfeaturesof the network. We arethereforeableto focus
oninteractionsvhosesignalin the datais strong.

Bayesiametworks are a promisingtool for analyzinggeneexpressionpatterns.First, they areparticu-
larly usefulfor describingprocessesomposedf locally interactingcomponentsthatis, the valueof each
componentirectly dependsn the valuesof a relatively small numberof components.Second statisti-
cal foundationgfor learningBayesiametworks from obserations,and computationablgorithmsto do so



©

Figurel: An exampleof a simplenetwork structure.

arewell understoocandhave beenusedsuccessfullyin mary applicationgFriedmanetal. 1997, Thiesson
etal. 1998). Finally, Bayesiametworks provide modelsof causalin uence: Although Bayesiametworks
aremathematicallye ned strictly in termsof probabilitiesandconditionalindependencstatementsa con-
nectioncan be madebetweerthis characterizatiomndthe notion of direct causalin uence (Heckerman
etal. 1997,Pearl& Vermal991,Spirtesetal. 1993).

Theremainderof this paperis organizedasfollows. In Section2, we review key conceptf Bayesian
networks,learningthemfrom obserations,andusingthemto infer causality In Section3, we describehow
Bayesiametworks canbe appliedto modelinteractionsamonggenesanddiscusghetechnicalissueghat
are posedby this type of data. In Section4, we apply our approachto gene-gpressiondataof Spellman
etal. (1998),analyzingthe statisticalsigni cance of theresultsandtheir biological plausibility Finally, in
Sectionb, we concludewith a discussiorof relatedapproacheandfuturework.

2 BayesianNetworks
2.1 Informal Introduction

Beforegiving aformal de nition of BayesianNetworks, we will rst try to demonstratéhe basicconcept
throughseveralexamples.

Let be a joint distribution over two variables and . We saythatvariables and are
independentf for all valuesof and . (Equialently J)
Otherwise,the variablesare dependent When and aredependentjearningthe value givesus
informationabout . Note that correlationbetweenvariablesimplies dependenceHowever, dependent
variablesmight be uncorrelated. (Formally, correlationis a sufcient but not a necessargondition for
dependence.)

For concretenessye now consider a somavhat simplistic, biological example. Assumegene is a
transcriptionfactorof gene . Therefore,we expecttheir level of their expressionto be dependent.For
example,measuringhigh expressionlevels of gene , we expectto nd gene overexpressedaswell.
Alternatively, gene might be inhibiting the transcriptionof gene , in which caseover-expressionof
impliesunderexpressiorof

We canrepresensuchdependenciegsinga graph,in which eachvariableis denotedoy a node. When
two variablesaredependenive drav anedgebetweerthem;seeFigurel. If thearrav pointsfrom to
wecall theparentof

We now considerslightly morecomple situationthatinvolvesthreegenes , , and . Supposedhat
gene is atranscriptionfactorof gene . The expressiorlevels of eachpair of geneg(i.e. and
and ,and and )aredependentlf doesnotdirectlyaffect ,thenwe shouldexpectthatoncewe x
theexpressiorevel of (e.g.,by knockingout ) wewill obserethat and areindependentln other
words,theeffectof gene ongene is mediatedhroughgene . Oncewe know the expressionevel of
gene , theexpressionof gene doesnot give new informationaboutthe expressionof gene . In this
casewe have



Figure2: An exampleof asimpleBayesiametwork structure.
G ° This network structureimplies several conditional independencestate-
ments: , , , ,
and .
G o The network structurealsoimpliesthatthejoint distribution canbe speci-
ed in theproductform

andwe saythat and areconditionallyindependentgiven . We denotesucha conditionalindepen-
denceas :

We wantto represensuchconditionalindependencies our descriptionof theinteractionsbetweenhe
variables.In the graphrepresentatiorthis is achieved by not having an edgebetween and , thusthe
dependencbetweerthemis representedsadirectedpaththrough ; seeFigurel.

Clearly linearsequencesf dependencarenot the only type of dependencieslo seethis, supposeur
ongoingexampleinvolvesanothergene, , thatis alsoregulatedby . As before,all threepairsof genes
arecorrelated.But, genes and areindependenbncewe know the expressionlevel of . Usingour
notation: . Thus,gene explainsthe dependencbetween and . In suchasituation,we
saythatgene isacommorcauseof genes and .Wemodelthisrelationasshavnin Figure2. At this
pointit is interestingto notethatif the expressiorof gene is notmeasuredthen and would appear
dependenin dataandwe would have dravn an edgebetweenthem. In sucha casewe call a hidden
commorcause

Now supposdhatgene inhibits the transcriptionof gene . We modelthis, by placinganarc from

to ; SeeFigure?2. In this case,the expressionof is regulatedby two genes( and ). These
are 'sparents denotedasPa If the expressionlevel of is high, we expect to be expressedas
well, unlessthe expressionof  is alsohigh. In that case we expectthe expressionof  to below even
though is high. This leadsusto the secondcomponenbf a BayesianNetwork. In additionto a graph
that describeqin)dependenciebetweenvariables,eachvariableis describedas a stochastidfunction of
its parents.Speci cally, we associatavith eachvariable a conditionalprobability modelthat speci es
the probabilityof  givenits parents.We denotethe probability of a variable(gene) to have thevalue
(expressiorlevel) giventhevaluesof its parentga as pa

Usingstochastianodelsis naturalin the geneexpressiordomainfor seseralreasonFirst, the biological
processes/e wantto modelarestochastic(Regardles®f whetherthisis inherentstochasticityor afunction
of our inability to measuresomeof the quantitiesthatdeterminethe exactexpressionevels.) Secondthe
measuremenisf the underlyingbiological systemarenoisy

2.2 Representing Distributions with Bayesian Networks

We now review the formal de nition of Bayesiamnetworks. Considera nite set of
randomvariableswhereeachvariable = maytake onavalue fromthedomainVal . In this paper
we focuson nite domains,thoughmuchof the following holdsfor in nite domains,suchascontinuous
valuedrandomvariables.We usecapitalletters,suchas , for variablenamesandlowercasdetters
to denotespeci ¢ valuestaken by thosevariables.Setsof variablesaredenotedby boldfacecapital

letters , andassignmentsf valuesto the variablesin thesesetsaredenotedoy boldfacelowercase
lettersx y z. We denote tomean isindependendf conditionedon

A Bayesiametworkis a representationf a joint probability distribution. This representatiorconsists
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of two components.The rst component, , is a directedacyclic graphwhoseverticescorrespondo the
randomvariables . Theseconccomponentlescribes conditionaldistribution for eachvariable,
givenits parentsn . Togetherthesetwo componentspecifya uniquedistribution on

The graph  representsonditionalindependenc@assumptionghat allow the joint dlstrletlon to be
decomposedeconomizingon the numberof parameters.The graph encodegshe Markov Assumption
Eachvariable isindependentf its non-descendantvenits parentdn . Formally, we denotethis as:

NonDescendnets  Pa 1)

wherePa is the setof parentsof  in , andNonDescendnets arethe non-descendentsf
in . By applyingthe chainrule of probabilitiesand propertiesof conditionalindependenciesry joint
distribution thatsatis es(1) canbedecomposeth the productform

Pa

Figure2 shavs anexampleof agraph , liststhe Markov independencie encodesandthe productform
they imply.

To specifya joint distribution, we also needto specify the conditionalprobabilitiesthat appearn the
productform. This is the secondcomponeniof the network representation.This componentdescribes
distributions pa for eachpossiblevalue of , andpa of Pa . In the caseof nite
valuedvariables,we canrepresentheseconditionaldistributions astables. Generally Bayesiametworks
are e xible and canaccommodatenary forms of conditionaldistribution, including various continuous
models.

Given a Bayesiannetwork, we might want to answermary types of questionsthat involve the joint
probability (e.g.,whatis the probability of given obsenration of someof the othervariables?)or
independencies thedomain(e.g.,are and independenvnceweobsere ?). Theliteraturecontainsa
suiteof algorithmsthatcananswersuchqueriegseee.g. (Jenser1996,Pearl1988)),exploiting the explicit
representationf structurein orderto answerqueriesef ciently.

2.3 Equivalence Classes of Bayesian Networks

A Bayesiametwork structure impliesa setof independencassumptionin additionto theindependence
statementsf (1). Letind  bethesetofindependencstatement¢of theform isindependendf given

) thatholdin all distributionssatisfyingthesemarkov assumptiond hesecanbe derved asconsequences
of (1).

More thanonegraphcanimply exactly the samesetof independenciesFor example,considergraphs
overtwo variables and . Thegraphs and bothimply the samesetof independencies
(i.e.,Ind . We saythattwo graphs and areequivalentf Ind Ind

This notion of equivalenceis crucial,sincewhenwe examineobsenrationsfrom a distribution, we often
cannotdistinguishbetweenequvalentgraphs. Resultsof (Chickering 1995, Pearl& Verma1991) shaw
that we cancharacterizeequivalenceclassesof graphsusinga simplerepresentationin particular these
resultsestablishthat equivalentgraphshave the sameunderlyingundirectedgraphbut might disagreeon
the directionof someof the edges.Moreover, an equivalenceclassof network structurescanbe uniquely

representedly a partially directedgraph(PDAG), wherea directededge denoteghatall members
of the equivalenceclasscontainthe edge ; anundirectededge — denoteghatsomemembers
of theclasscontainthe edge , While otherscontainthe edge . Givenadirectedgraph the

PDAG representatioof its equivalenceclasscanbe constructecf ciently (Chickering1995).



2.4 Learning Bayesian Networks

Theproblemof learningaBayesiametwork canbestatedasfollows. Givenatrainingset X X
of independeninstanceof , nd anetwork thatbestmatdies . The commonapproach
to this problemis to introducea statisticallymotivatedscoringfunction that evaluateseachnetwork with
respecto thetrainingdata,andto searcHor the optimalnetwork accordingo this score.

A commonlyusedscoringfunction is the Bayesianscoring metric (see(Cooper& Herslovits 1992,
Heclermanet al. 1995)for completedescription): Score

where is aconstanindependenbf and is
themarginal likelihoodwhich averageshe probability of the dataover all possibleparameteassignments
to . The particularchoiceof priors and for each determineshe exact Bayesian

score.Undermild assumption®n the prior probabilities,this scoringmetricis asymptoticallyconsistent:
Givenasufciently large numberof samplesgraphstructureghatexactly captureall dependencies the
distribution, will receve, with high probability a higherscorethanall othergraphs(Barron& Cover 1991,
Friedman& Yakhini 1996,Hoffgen 1993). This meansthatgivena sufciently large numberof instances
in large datasets Jearningproceduresanpinpointthe exactnetwork structureupto the correctequivalence
class.

Heckermanetal. (1995)presentafamily of priors,calledBDe priors, thatsatisfytwo importantrequire-
ments:First, thesepriorsarestructue equivalentif and areequialentstructureghey areguaranteed
to have the samescore.Secondthe priorsaredecomposabléerhatis, the scorecanbe rewritten asthe sum
Scorgpe ScoreContribtiongpe Pa , Wherethe contritution of every variable

to the total network scoredependsnly on its own valueandthe valuesof its parentsn . Thesetwo
propertiesaresatis ed for BDe priorswhenall instances in  arecomplete—thatis, they assignvalues
to all thevariablesn

Oncethe prior is speci ed andthe datais given, learningamountso nding thestructure thatmaxi-
mizesthescore.This problemis known to beNP-hard(Chickering 1996),thuswe resortto heuristicsearch.
The decompositiorof the scoreis crucial for this optimizationproblem. A local searchprocedurethat
change®needgeat eachmove canef ciently evaluatethe gainsmadeby adding,removing or reversinga
singleedge.An exampleof sucha proceduras a greedyhill-climbing algorithmthatat eachstepperforms
the local changethatresultsin the maximalgain, until it reaches local maximum. Although this proce-
duredoesnot necessarilynd a global maximum,it doesperformwell in practice,whencombinedwith
multiple randomrestarts.Examplesof othersearchmethodghatadwanceusingone-edgehangesnclude
beam-searctstochastidill-climbing, andsimulatedannealing.

2.5 Learning Causal Patterns

A Bayesiametwork is amodelof dependencielsetweemmultiple measurementdVe arealsointerestedn
modelingthe procesghatgeneratedhesedependenciesThus,we needto modelthe o w of causalityin
the systemof interest(e.g.,genetranscription).A causalnetworkis a modelof suchcausalprocesseslt's
representatiors similar to a Bayesiametwork (i.e. a DAG whereeachnoderepresenta randomvariable
alongwith alocal probabilitymodelfor eachnode) thedifferencebeingit interpretsheparentf avariable
asits immediatecauses

We canrelate causalnetworks and Bayesiannetworks, by assumingthe CausalMarkov Assumption
giventhe valuesof a variables immediatecausesit is independenbf its earliercauses Whenthe causal
Markov assumptiorholds, the causalnetwork satis esthe Markov independenciesf the corresponding
Bayesiametwork, thusallowing usto treatcausalnetworks as Bayesiannetworks. This assumptions a
naturalonein modelsof geneticpedigrees:.oncewe know the geneticmakeup of the individual's parents
thegeneticmakeupof herearlierancestorsrenotinformative aboutherown geneticmaleup.

ThemaindifferencebetweercausabndBayesiametworks, is thata causahetwork modelsnotonly the



distribution of the obsenrations,but alsothe effectsof interventionsIf  causes , thenmanipulatingthe
valueof (i.e.,settingit to anothewvaluein suchaway thatthemanipulationtself doesnot affecttheother
variables)affectsthevalueof . Ontheotherhand,if isacauseof ,thenmanipulating will not
affect . Thus,althoughthe Bayesiametworks and areequvalent,ascausalnetworks
they arenot.

When canwe learna causalnetwork from obserations? This issuereceved a thoroughtreatmentin
theliterature(Heclermanet al. 1997,Pearl& Vermal991, Spirteset al. 1993). We only sketchthe main
ideahere. From obsenrationsalone,we cannotdistinguishbetweencausalnetworks that specifythe same
independencassumptionsi.e., up to an equivalenceclass. Thus,asin Bayesiannetworks, we canonly
narrav down our modelto anequialenceclass.Whenlearninganequialenceclass(PDAG) from thedata,
we canconcludethatthetrue causahetwork is possiblyary oneof the networksin this class.If adirected
edge is in the PDAG, thenall the networksin the equivalenceclassagreethat is animmediate
causeof . Thus,weinfer thecausalirectionof theinteractionbetween and

3 Applying BayesianNetworks to ExpressionData

In this sectionwe describeour approacho analyzinggeneexpressiordatausingBayesiametwork learning
techniqguesWe modelthe expressiorievel of eachgeneasarandomvariable.In addition,otherattributes
that affect the systemcan be modeledas randomvariables. Thesecaninclude a variety of attributes of
the sample,suchas experimentalconditions,temporalindicators(i.e., the time/stagethat the samplewas
taken from), backgroundvariables(e.g., which clinical procedurevasusedto get a biopsy sample),and
exogenougellularconditions.

By learninga Bayesianmetwork basedon the statisticaldependenciebetweenthesevariables,we can
answerwide rangeof queriesaboutthesystem.For example doestheexpressiorievel of aparticulargene
depend®nthe experimentakondition?ls this dependencdirect,or indirect?If it is indirect,which genes
mediatethedependenc? We now describehow onecanlearnsuchamodelfrom thegeneexpressiordata.
Many importantissuesarisewhenlearningin this domain. Theseinvolve statisticalaspect®f interpreting
theresults algorithmiccompleity issuesn learningfrom the data,andpreprocessingf thedata.

Mostof thedif culties in learningfrom expressiordatarevolve aroundthefollowing centralpoint: Con-
trary to mostpreviousapplicationsof learningBayesiametworks, expressiordatainvolvestranscriptievels
of thousand®f geneswhile currentdatasetscontainat mosta few dozensamples.This raisesproblems
in computationatompleity andthe statisticalsigni canceof theresultingnetworks. On the positive side,
geneticregulationnetworksaresparsei.e., givenagene,|t is assumedhatno morethanafew dozengenes
directly affectits transcription Bayesiametworks areespeciallysuitedfor learningin suchsparselomains.

3.1 Representing Partial Models

Whenlearningmodelswith so mary variables suchsmall datasetsarenot sufciently informative to sig-
ni cantly determinethat a single modelis the “right” one. Instead,mary different networks shouldbe
consideredeasonablgiventhedatal Our approachis to analyzethis setof plausiblenetworks. Although
this set can be very large, we might attemptto characterizdeatues that are commonto mostof these
networks, andfocuson learningthem. Beforewe examinethe issueof inferring suchfeatureswe brie y
describewo classe®f featuresnvolving pairsof variables.While at this point we focusonly on pairwise
featuresit is clearthatthis analysiss notrestrictecto them.

The rst typeof featureds Markov relations Is  in the Markov blanketof ? The Markov blanket of

is theminimal setof variableghatshield from therestof thevariabledn themodel.More precisely

1This obserationis not uniqueto Bayesiametwork models.It equallywell appliesto othermodelsthatarelearnedfrom this
data,suchasclusteringmodels.



givenits Markov blanketis independenfrom theremainingvariablesn the network. It is easyto checkthat
thisrelationis symmetric: isin 's Markov blanketif andonly if thereis eitheranedgebetweerthem,
or both are parentsof anothervariable(Pearl1988). In the context of geneexpressionanalysis,a Markov
relationindicatesthat the two genesarerelatedin somejoint biological interactionor process.Note, two
variablesin a Markov relationaredirectly linked in the sensehat no variablein the model mediateshe
dependencéetweerthem. It remainspossiblethatan unobsered variable(e.g., proteinactivation) is an
intermediatdactorin theirinteraction.

The secondtype of featuresis order relations Is  anancestorof in all the networks of a given
equvalenceclass?Thatis, doesthe given PDAG containa pathfrom to  in which all the edgesare
directed?This type of featuredoesnotinvolve only a closeneighborhoodbut rathercapturesalong range
property Underthe properassumptiongseeSection2.5),learningthat  is anancestoof in thePDAG
would imply that isacauseof . However, theseassumptionslo not necessariljholdin the context of
expressiordata. Thus,we view sucharelationasanindicationthat mightbea causakncestoof

3.2 Estimating Statistical Confidence in Features

We now facethefollowing problem: To whatextentdoesthe datasupporta given feature?More precisely
we want to estimatea measureof con dencein the featuresof the learnednetworks, where*“con dence”
approximateshe likelihoodthata given featureis actuallytrue (i.e. is basedon a genuinecorrelationand
causation)ldeally, we would wantto computethe posterior over network structure.This would
allow usto computetheposterioibeliefin eachfeature by summingtheposteriomprobabilityof all networks
thathave thefeature.Unfortunatelywe cannotcomputethe posteriorexplicitly sincethenumberof possible
networksis huge.Insteadwe resortto anapproximatanethodin the generakpirit of theidealsolution.

An effective andrelatively simple approachfor estimatingcon denceis the bootstap method(Efron
& Tibshirani1993). The mainideabehindthe bootstrapis simple. We generaté'perturbed”versionsof
our original dataset,andlearnfrom them. In this way we collectmary networks, all of which arefairly
reasonablenodelsof thedata. Thesenetworks shav how smallperturbationso the datacanaffect mary of
thefeatures.

In our context, we usethebootstrapasfollows:

For (in our experimentswe set ).

- Re-samplavith replacement, instancesrom . Denoteby theresultingdataset.
— Apply thelearningprocedureon  to induceanetwork structure

For eachfeature of interestcalculatecon dence — , Where islif isa
featurein , andO otherwise.

We referthereaderto (Friedman,Goldszmidt& Wyner1999)for moredetails,aswell aslarge-scalesim-

ulation experimentswith this method. Thesesimulationexperimentsshav thatfeaturesnducedwith high

con dencearerarelyfalsepositves,evenin casesvherethe datasetsaresmallcomparedo the systembe-

ing learned.This bootstragrocedureappearespeciallyrobustfor the Markov andorderfeaturesidescribed
in Section3.1.

3.3 Efficient Learning Algorithms

In Section2.4,we formulatedlearningBayesiametwork structureasan optimizationproblemin the space
of directedagyclic graphs. The numberof suchgraphsis superexponentialin the numberof variables.
As we considerhundredsandthousand®f variableswe mustdealwith anextremelylarge searchspace.
Thereforewe needto use(anddevelop) ef cient searchalgorithms.



To facilitate ef cient learning, we needto be able to focus the attentionof the searchprocedureon
relevantregionsof the searchspacegiving riseto the Spase Candidatealgorithm(Friedman Nachman%
Pe'er1999). The mainideaof this techniquds thatwe canidentify a relatvely smallnumberof candidate
parentsfor eachgenebasedon simplelocal statistics(suchascorrelation). We thenrestrictour searchto
networks in which only the candidateparentsof a variablecanbe its parentsyesultingin a muchsmaller
searchspacan whichwe canhopeto nd agoodstructurequickly.

A possiblepitfall of this approachs that early choicescanresultin an overly restrictedsearchspace.
To avoid this problem,we devised an iterative algorithmthat adaptsthe candidatesetsduring search. At

eachiteration , for eachvariable , thealgorithmchoosegheset of variableswhich
arethe mostpromisingcandidateparentsfor . We thensearchfor , an optimal network in which
Pa . Thenetwork foundis thenusedto guidethe selectiorof bettercandidatesetsfor the next
iteration.Weensurghat = monotonicallyymprovesin eachiterationby requiringPa . The
algorithmcontinuesuntil thereis no changen the candidatesets.

We brie y outline our methodfor choosing . In theinitial phaseof the algorithm,we usethe score
ScoreContribtiongpe to measurdhe quality of having asaparentof . Wethenset

to bethe variableswith the highestsuchscores.Sincethe scoresof familiesarenot additve, this choice
of candidatesanbe sub-optimal.In lateriterationswe take into accounthe network foundin the previous

iteration, and measurehe quality of adding  to  's currentparents. Thus, we evaluateeach by

computingScoreContribtiongpe Pa wherePa arethe parentsof in

thenetwork foundattheendof previousiteration.Wethenset  to consistof Pa andthevariables
thatmaximizethis score.We referthereadeito (FriedmanNachmar& Pe'er1999)for moredetailsonthe

algorithmandits compleity, aswell asempiricalresultscomparingits performanceo traditionalsearch
techniques.

3.4 Discretization

In orderto specifya Bayesiametwork model,we still needto de ne the local probability modelfor each
variable.At the currentstagewe chooseo focuson the qualitative aspect®f the data,andsowe discretize
geneexpressionvaluesinto threecategyories: and , dependingon whetherthe expressionlevel is
signi cantly lower than,similarto, or greaterthantherespecite control. Thecontrolexpressiorevel of a
genecanbeeitherdeterminedxperimentally(asin themethodf (DeRisi.etal. 1997)),or it canbesetas
the averageexpressionlevel of the geneacrossexperiments.The meaningof “signi cantly” is de ned by
settinga thresholdto the ratio betweemmeasureaxpressiorandcontrol. In our experimentswve choosea
thresholdvalueof  in logarithmic(base ) scale.

It is clearthatby discretizingthe measuredxpressiorievelswe areloosinginformation. An alternatve
to discretizationis using (semi)parametriclensitymodelsfor representingonditionalprobabilitiesin the
networkswe learn(e.g(Heckerman& Geiger1995,Lauritzen& Wermuth1989,Hoffman& Tresp1996)).
However, a badchoiceof the parametridamily canstronglybiasthe learningalgorithm. We believe that
discretizatiorprovidesa reasonablynbiasedpproactfor dealingwith this type of data. We arecurrently
exploring the appropriatenessf seseraldensitymodelsfor this type of data.

4 Application to Cell Cycle ExpressionPatterns

We appliedour approacho thedataof Spellmaretal. (1998),containing76 geneexpressiormeasurements
of themRNA levelsof 6177S.cervisiaeORFs.Theseexperimentameasuresix time seriesunderdifferent
cell cycle synchronizatiormethods.Spellmanet al. (1998)identi ed 800 geneswhoseexpressiornvaried
over the differentcell-gycle stages.Of these, 250 clusterednto 8 distinct clustersbasedon the similarity
of expressiorpro les. We learnednetworks whosevariableswerethe expressiorievel of eachof these800
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Figure3: Histogramsf the numberof featuresat differentcon dencelevelsfor the cell cycle dataset,and
therandomizeddataset. The histogram=n theleft areof orderrelations,andthe on theright for Markov
relationsThesehistogramsareall basedn the 250genedataset.

genes.Someof the robustnessanalysiswas performedonly on the setof 250 genesthat appearin the 8
majorclusters.

In learningfrom thisdata,we treateachmeasuremergsa samplefrom adistribution, anddo nottake into
accountthe temporalaspecof the measurementSinceit is clearthatthe cell cycle processs of temporal
nature we compensatéy introducinganadditionalvariablethatdenoteghe cell cycle phase This variable
is thenforcedto bearootin all thenetworkslearned ts presencallowsto modeldependencof expression
levelson currentcell cycle 2

Fromthis dataset,we learnedBayesiametworks usingthe SparseCandidatealgorithmwith a 200-fold
bootstrap.Thelearnedfeaturesshav thatwe canrecorer intricatestructureevenfrom suchsmalldatasets.
It is importantto notethatour learningalgorithmusesno prior biological knowledge nor constraints. All
learnednetworks and relationsare basedsolely on the information containedin the measurementthem-
seles. Theseresultsareavailableat our WWW site:
http://www.cs.h uji. ac.l /I abs/ pmai2 /e xpre ssion .

4.1 Robustness Analysis

We performeda numberof teststo analyzethe statisticalsigni canceandrobustnessf our procedure We
carriedmostof thesetestson thesmaller250genedatasetfor computationateasons.

To testthecredibility of ourcon denceassessmentye createdcarandomdatasetby randomlypermuting
theorderof theexperimentsndependentlyor eachgene.Thusfor eachgenethe orderwasrandom but the
compositionof the seriesremainedunchangedin sucha dataset,genesareindependenof eachother and
thuswe do notexpectto nd “real” features.As expected both orderandMarkov relationsin the random
datasethave signi cantly lower con dence.We comparethe distribution of con denceestimatedetween
the original datasetandthe randomizednein Figure 3. Clearly the distribution of con denceestimates
in the original datasethave a longerandheavier tail in the high con denceregion. Also, the con dence
distribution for therealdatasetis concentratedloserto zero. This suggestshatthe networkslearnedrom
therealdataaresparser

Ouranalysignvolveslessthan15%of the S.cerevisaegenes.Thisraisesconcernhatomissionof genes
leadto spuriousconclusions.To estimatewhethersuchconclusionsappearin our analysis,we testedthe
robustnesf our analysisto the additionof moregenescomparingthe con denceof the learnedfeatures
betweerthe 250and800 genedatasets.We found a stronglinear correlationbetweercon dencelevels of
featurebtainedrom thetwo datasets.

A crucial choicein our procedurds the thresholdlevel usedfor discretizationof the expressionevels.

2\We notethat we canalsolearntemporalmodelsusing a Bayesiannetwork that includesgeneexpressionvaluesin two (or
more)consecutie time points(Friedmanret al. 1998). We arecurrentlyperusingthis issue.



Tablel: List of dominantgenesn theorderingrelations(top 14 out of 30)

Gene/ORF | Dominance| # of descenderjenes

Score > .8 > .7 notes
YLR183C 551 609 708 Containsforkheadedassosiatedomain,thuspossiblynuclear
MCD1 550 599 710 Mitotic chromosomeleterminantnull mutantis inviable
CLN2 497 495 654 Rolein cell cycle START, null mutantexhibits G1 arrest
SRO4 463 405 639 Involvedin cellularpolarizationduringbudding
RFA2 456 429 617 Involvedin nucleotideexcisionrepair null mutantis inviable
YOL007C 444 367 624
GAS1 433 382 586 Glycophospholipicsurfaceprotein,Null mutantis slow growving
YOX1 400 243 556 Homeodomairproteinthatbindsleu-tRNA gene
YLRO13W 398 309 531
POL30 376 173 520 Requiredfor DNA replicationandrepair Null mutantis inviable
RSR1 352 140 461 GTP-bindingproteinof therasfamily involvedin bud site selection
CLN1 324 74 404 Rolein cell cycle START, null mutantexhibits G1 arrest
YBR0O89W 298 29 333
MSH®6 284 7 325 Requiredfor mismatchrepairin mitosisandmeiosis

It is clearthat by settinga differentthreshold ,we would get differentdiscreteexpressionpatterns. Thus,
it is importantto testthe robustnessand sensitvity of the high con dencefeaturesto the choiceof this
threshold.This wastestedby repeatinghe experimentausingdifferentthresholdevels. Again, thegraphs
shav a de nite lineartendeng in the con denceestimatesf featuresbetweerthe differentdiscretization
thresholds.

4.2 Biological Analysis

We believe that the resultsof this analysiscanbe indicative of biological phenomenan the data. This is
con rmed by our ability to predictsensiblerelationsbetweengenesof known function. We now examine
several consequencethat we have learnedfrom the data. We consider in turn, the order relationsand
Markov relationsfoundby ouranalysis.We only very brie y summarizeafew of these.

4.2.1 Order Relations Themoststriking featureof the high con denceorderrelations,is the existence
of dominantgenes Out of all 800 genesonly few seemto dominatethe order(i.e., appearbeforemary
genes).Theintuition is thatthesegenesareindicative of potentialcausalsourceof the cell-cycle process.
Let , denotethe con dencein  beingancestorof . We de ne the dominancescoe of as

Y,Co(X,Y)>t o usingthe constant for rewardinghigh con dencefeaturesandthe thresholdt
to discardlow con denceones. We refer to geneswith high dominancescoreasdominantgenes.These
genesareextremelyrobustto parameteselectionfor botht, andthediscretizatiorcutoff of Section3.4.
A list of thehighestscoringdominantgenesappearsn Tablel.

Inspectionof the list of dominantgenesrevealsquite a few interestingfeatures. Among the dominant
genesarethosedirectly involved in cell-cycle control andinitiation (e.g.,CLN1, CLN2 and CDC5) and
geneswhosenull mutantis inviable (e.g., MCD1 and RFA2). Theseare clearly key genesin basiccell
functions. Most of the dominantgenesare nuclearproteins,and someof the unknavn genesare also
potentiallynuclear:(e.g.,YLR183C containsa forkhead-associadedomainwhich is found almostentirely
amongnuclearproteins). Marny of thesegenesare component®of pre-replicationcomplees andinvolve
very early stepsof replication.Suchfunctionsareprior conditionsto mostprocesses the nucleusandthe
cellin general A few nonnucleardominantgenesarelocalizedin the cytoplasmmembrandSRO4,GAS1
andRSR1).Theseareinvolvedin the buddingandsporulationprocessvhich have animportantrole in the
cell-gycle.

We alsonotethatmary of thedominatedgeneq(i.e. arecausedy dominatorswith high con dence)are
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Table2: List of top Markov relations

Condence | Genel Gene2 notes

1.0 YKL163W-PIR3 | YKL164C-PIR1 | Closelocality onchromosome

0.985 PRY2 YKR012C No homologfound

0.985 MCD1 MSH6 Both bindto DNA duringmitosis

0.98 PHO11 PHO12 Both nearlyidenticalacidphosphatases

0.975 HHT1 HTB1 Both areHistones

0.97 HTB2 HTAL Both areHistones

0.94 YNLO57W YNLO58C Closelocality onchromosome

0.94 YHR143W CTS1 Homologto EGT2cell wall control, bothdo cytokinesis

0.92 YOR263C YOR264W Closelocality on chromosome

0.91 YGRO086 SIC1

0.9 FAR1 ASH1 Both partof a matingtype switch,expressionuncorelated

0.89 CLN2 SVS1 Functionof SVS1unknawn, possibleregulationmediatedhroughSWI16

0.88 YDRO33W NCE2 Homologto transmembrameroteins,suggestingoth involved in proteinse-
cretion

0.86 STE2 MFA2 A matingfactorandreceptor

0.85 HHF1 HHF2 Both areHistones

0.85 MET10 ECM17 Both aresul te reductases

0.85 CDC9 RAD27 Both participatein Okazakifragmentprocessing

themselespartof thereplicationmachinery(e.g. CDC54andMCM2), or aretranscriptiorregulators(e.g.
RME1,ASH1,andTEC1). Thesecausatelationsdonotonly make senséut alsoshav thathigh con dence
orderrelationsidentify pairsof genesvhich areclose(i.e. with smallnumberof intermediatdactors)in the
causabpathvay.

4.2.2 Markov Relations Inspectionof thetop Markov relationsrevealsthat mostpairsarefunctionaly
related.A list of thetop scoringrelationscanbefoundin Table2. Amongtheseall involving two known

genes(10/20) make sensebiologically Whenone of the ORFsis unknavn careful searchesising Psi-
Blast (Altschul et al. 1997), Pfam (Sonnhammeet al. 1998) and Protomap(Yonaet al. 1998)canreveal
rm homologiesto proteinsfunctionally relatedto the othergenein the pair. (e.g. YHR143W which is

pairedto the endochitinase€CTS1, is relatedto EGT2 - a cell wall maintenancerotein). Several of the
unknavn pairs are physically adjacenton the chromosomeand thus presumablyregulatedby the same
mechanismSuchanalysigaiseshe numberof biologically sensiblgpairsto 17/20.For the other3 pairsno

clearhomologycouldbeassigned.

Thereare someinterestingMarkov relationsfound that are beyond the limitations of clusteringtech-
niques. Onesuchregulatorylink is FAR1-ASH1: both proteinsareknown to participatein a matingtype
switch. The correlationof their expressionpatternsis low and (Spellmanet al. 1998) clustertheminto
differentclusters.Amongthe high con dencemarkov relations,onecanalso nd examplesof conditional
indpendencs,e.,agroupof highly correlatedyenesvhosecorrelationcanbe explainedwithin our network
stucture.Onesuchexampleinvolvesthe genes:CLN2,RNR3,SVS1,SR4andRAD41, their expressions
correlatedjn (Spellmanetal. 1998)all appeaiin the samecluster In our network CLN2 is with high con-
dence a parentof eachof the other4 geneswhile no links arefound betweerthem. This suitsbiological
knowledge: CLNZ2 is a centralcell cycle controlwhile thereis no clearbiologicalrelationshipbetweernthe
others.

5 Discusionand Future Work

In this paperwe presenteda nev approachfor analyzinggeneexpressiondatathat builds on theory and
algorithmsfor learning Bayesiannetworks. We describedhow one can apply thesetechniquego gene
expressiondata. The approachincludestwo techniqueghat were motivated by the challangegposedby
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this domain:a novel searchalgorithm(FriedmanNachman& Pe'er1999)andanapproachor estimating
statisticalcon dence(FriedmanGoldszmidi& Wyner1999).We appliedour methodgo therealexpression
dataof Spellmaretal. (1998). Althoughwe did not useary prior knovledge,we managedo extractmary
biologically plausibleconclusiondrom this analysis.

Our approachis quite differentthanthe clusteringapproachusedby (Ben-Dor& Yakhini 1999, Alon
etal. 1999,Eisenetal. 1998,Michaelsetal. 1998,Spellmaretal. 1998),in thatit attemptgo learnamuch
richer structurefrom the data. Our methodsare capableof discovering causalrelationshipsjnteractions
betweergenestherthanpositive correlation,and ner intra-clusterstructure We arecurrentlydeveloping
hybrid approacheshat combineour methodswith clusteringalgorithmsto learn modelsover “clustered”
genes.

Thebiologicalmotivationof ourapproachs similarto work oninducinggeneticnetworkfrom data(Akutsu
etal. 1998,Chenetal. 1999,Somogyietal. 1996,Weaver etal. 1999). Therearetwo key differencesFirst,
themodelswe learnhave probablisticsemanticsThis better ts the stochasticatureof boththe biological
processeandnoisyexperimentationSecondpurfocusis on extractingfeatureghatarepronouncedn the
data,in contrasto currentgeneticnetwork approacheghatattemptto nd asinglemodelthatexplainsthe
data.

We are currentlyworking on improving methodsfor expressionanalysisby expandingthe framevork
describedn thiswork. Promisingdirectionsfor suchextentionsare: (a) Developingthe theoryfor learning
local probability modelsthat are capableof dealingwith the continuousnatureof the data;(b) Improving
the theoryand algorithmsfor estimatingcon dencelevels; (c) Incorporatingbiological knowledge (such
aspossibleregulatoryregions)asprior knovledgeto the analysis;(d) Improving our searchheuristics;(e)
Applying DynamicBayesiarNetworks(Friedmanetal. 1998)to temporalexpressiordata.

Finally, oneof the mostexciting longerterm prospect®f this line of researchs discorering causalpat-
ternsfrom geneexpressiondata. We plan to build on and extendthe theoryfor learningcausalrelations
from dataandapply it to our domain. The theoryof causalnetworks allows learningboth from obsenra-
tional dataandinterventionaldata,wherethe experimentinterveneswith somecausalmechanismsf the
obsered system. In the context of geneexpressionwe shouldview knoclout/overexpresad mutantsas
suchinterventions.Thus,we candesignmethodghatdealwith mixedformsof datain a principledmanner
(See(Cooper& Yoo 1999)for arecentwork in this direction).In addition,this theorycanprovide toolsfor
experimentadesign thatis, understandingvhichinterventionsaredeemednostinformative to determining
the causaktructurein theunderlyingsystem.
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