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Abstract

DNA hybridizationarrayssimultaneouslyneasurgéheexpressionevel for thousandsf genesThese
measurementprovide a “snapshot”of the cell’s transcriptions. A major challengein computational
biology is to uncover, from suchmeasurementgene/proteinnteractionsandkey biological featuresof
thecellularsystem.

In this paperwe proposeanew framework for discoveringinteractionsbetweergenesasedn mul-
tiple expressiormeasurementd.his framework builds on theuseof Bayesiametworksfor representing
statisticaldependenciesA Bayesiametwork is a graphicalmodelof joint multivariateprobability dis-
tributionsthat capturegropertiesof conditionalindependencéetweervariables.Suchmodelsare at-
tractive for their ability to describecomplex stochastigprocessesandfor providing clearmethodologies
for learningfrom (noisy) obsenations.

We startby shaving how Bayesiannetworks can describeinteractionsbetweengenes. We then
presentan efficient algorithm capableof learningsuchnetworks anda statisticalmethodto asses®ur
confidencdn 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 makeup can be drastically differentboth temporallyand spatially Proteinsynthesiss regulatedby
mary mechanismsitits differentlevels. Theseincludemechanisms$or controlling transcriptioninitiation,
RNA splicing, mRNA transporttranslationinitiation, post-translationamodifications,and degradationof
mRNA/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 spotting hybridizationprobesand advancesin genomese-
qguencingefforts leadto developmentof DNA microarrays which consistof mary specieof probesgither
oligonucleotidesr cDNA, thatareimmobilizedin a predefinecorganizationto a solid surface. By using
DNA microarraysresearchergare now ableto measurehe abundanceof thousandof mRNA targetssi-
multaneouslyDeRisi. et al. 1997,Lockhartet al. 1996, Wen et al. 1998). Unlike classicalexperiments,
wherethe expressiornievels of only a few geneswverereported DNA microarrayexperimentscanmeasure
all thegenesof anorganism providing a “genomic” viewpoint on geneexpression As a consequencehis
technologyfacilitatesnen experimentalapproachefor understandingeneexpressiorandregulation(lyer
etal. 1999,Spellmanretal. 1998).

Early microarrayexperimentsexaminedfew samplesandmainly focusedon differentialdisplayacross
tissuesr conditionsof interest.The designof recentexperimentfocuseson performinga largernumberof
microarrayexperimentsangingin sizefrom a dozento afew hundredsf samplesin the nearfuture,data
setscontainingthousandsf samplewill becomeavailable. Suchexperimentsollectenormousamountof
data,which clearly reflectmary aspectof the underlyingbiological processesAn importantchallenges
to develop methodologieshatareboth statisticallysoundandcomputationallytractablefor analyzingsuch
datasetsandinferring biologicalinteractiongrom.

Mostof theanalysigoolscurrentlyin usearebasedn clusteringalgorithms.Thesealgorithmsattempto
locategroupsof geneghathave similar expressiorpatternover a setof experimentgAlon etal. 1999,Ben-
Dor & Yakhini 1999,Eisenetal. 1998,Michaelset al. 1998,Spellmaretal. 1998). Suchanalysisis useful
in discorering geneshatareco-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
picturethatdoesnotreflectkey events,suchastranslatiorandprotein(in)actvation,which play amajorrole
in regulationof MRNA transcription.In addition,the amountof samplesgvenin the largestexperiments
in the foreseeabléuture,doesnot provide enoughinformationto constructa full detailedmodelwith high
statisticalsignificance Finally, usingcurrenttechnologyeventhesefew samplesave a high noiseto signal
ratio, attimesthe noisebeingmuchstrongerthanthesignal.

In this paper we introducea new approachor analyzinggeneexpressionpatternsthatuncorers prop-
erties of the transcriptionalprogramby examining statisticalpropertiesof dependencend conditional
independencén the data. We baseour approachon the well-studied statisticaltool of Bayesiannet-
works(Pearl1988). Thesenetworksrepresenthedependencstructurebetweemmultiple interactingguanti-
ties(e.g.,expressionevelsof differentgenes) Ourapproachprobabilisticin nature is capableof handling
noiseandestimatingthe confidencean the differentfeaturesof the network. We arethereforeableto focus
oninteractionsvhosesignalin the datais strong.

Bayesiametworks area promisingtool for analyzinggeneexpressionpatterns.First, they are particu-
larly usefulfor describingprocessesomposedf locally interactingcomponentsthatis, the valueof each
componentirectly dependsn the valuesof a relatively small numberof components.Second statisti-
cal foundationsfor learningBayesiametworks from obserations,and computationaklgorithmsto do so
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Figurel: An exampleof a simplenetwork structure.

arewell understoocdandhave beenusedsuccessfullyn mary applicationgFriedmanetal. 1997, Thiesson
etal. 1998). Finally, Bayesiametworks provide modelsof causalinfluence: Although Bayesiametworks
aremathematicallyefinedstrictly in termsof probabilitiesandconditionalindependencstatementsa con-
nectioncan be madebetweenthis characterizatiomndthe notion of direct causalinfluence (Heckerman
etal. 1997,Pearl& Vermal991,Spirtesetal. 1993).

Theremainderof this paperis organizedasfollows. In Section2, we review key conceptf Bayesian
networks,learningthemfrom obsenrations,andusingthemto infer causality In Section3, we describehow
Bayesiametworks canbe appliedto modelinteractionsamonggenesanddiscusshe technicalissueshat
are posedby this type of data. In Section4, we apply our approacho gene-&pressiondataof Spellman
etal. (1998),analyzingthe statisticalsignificanceof the resultsandtheir biological plausibility Finally, in
Sectionb, we concludewith a discussiorof relatedapproacheandfuturework.

2 BayesianNetworks
2.1 Informal Intr oduction

Beforegiving a formal definition of BayesianNetworks, we will first try to demonstratéhe basicconcept
throughsereralexamples.

Let P(X,Y) beajoint distribution over two variablesX andY. We saythatvariablesX andY are
independentf P(X,Y) = P(X)P(Y) for all valuesof X andY. (Equialently P(X|Y) = P(X).)
Otherwise,the variablesare dependent When X andY are dependent|earningthe valueY givesus
informationaboutX. Note that correlationbetweenvariablesimplies dependenceHowever, dependent
variablesmight be uncorrelated. (Formally, correlationis a suficient but not a necessaryondition for
dependence.)

For concretenessye now consider a somavhat simplistic, biological example. AssumegeneA is a
transcriptionfactor of geneB. Therefore,we expecttheir level of their expressionto be dependent.For
example,measuringhigh expressionlevels of gene A, we expectto find geneB overexpressedaswell.
Alternatively, geneA might be inhibiting the transcriptionof geneB, in which caseover-expressionof A
impliesunderexpressiorof B.

We canrepresensuchdependenciessinga graph,in which eachvariableis denotedoy a node. When
two variablesaredependenive drav anedgebetweerthem;seeFigurel. If thearrov pointsfrom A to B,
we call A theparentof B.

We now considerslightly morecomplex situationthat involvesthreegenesA, B, andC. Supposedhat
geneRB is a transcriptionfactorof geneC'. The expressionlevels of eachpair of geneg(i.e. A andB, A
andC, andB and() aredependentlf A doesnotdirectly affect C', thenwe shouldexpectthatoncewe fix
theexpressiorevel of B (e.g.,by knockingout B) we will obsere that A andC areindependentln other
words,the effect of geneA on geneC' is mediatedthroughgeneB. Oncewe know the expressionevel of
geneB, the expressionof geneA doesnot give new informationaboutthe expressionof geneC. In this
casewe have

P(A|B,C)=P(A| B)



Figure2: An exampleof asimpleBayesiametwork structure.
G ° This network structureimplies several conditional independencestate-
ments:I(4; E), I(B;D | A,E), I(C;A,D,E | B), I(D; B,C,E | A),
andI(E; A, D).
G o The network structurealsoimpliesthatthejoint distribution canbe speci-
fiedin the productform

© P(A,B,C,D,E) = P(A)P(B|A, E)P(C|B)P(D|A)P(E)

andwe saythat A and C areconditionallyindependentgiven B. We denotesucha conditionalindepen-
denceasI(A;C | B).

We wantto represensuchconditionalindependenciem our descriptionof the interactionsbetweenhe
variables. In the graphrepresentatiorthis is achiezed by not having an edgebetweenA andC, thusthe
dependencbetweerthemis representedsa directedpaththroughB; seeFigurel.

Clearly linearsequencesf dependencarenot the only type of dependenciesTo seethis, supposeur
ongoingexampleinvolvesanothergene,D, thatis alsoregulatedby A. As before,all threepairsof genes
arecorrelated.But, genesB and D areindependenbncewe know the expressionlevel of A. Using our
notation: I(B; D | A). Thus,geneA explainsthe dependenceetweenB andD. In sucha situation,we
saythatgeneA is acommorcauseof genesB and D. We modelthisrelationasshavn in Figure2. At this
pointit is interestingto notethatif the expressiorof geneA is not measuredthen B and D would appear
dependentn dataandwe would have dravn an edgebetweenthem. In sucha casewe call A a hidden
commorcause

Now supposdhat geneFE inhibits the transcriptionof geneB. We modelthis, by placingan arc from
FE to B; SeeFigure2. In this case,the expressionof B is regulatedby two genes(A and E). These
are B’s parents denotedasPa(B) If the expressionlevel of A is high, we expect B to be expressedas
well, unlessthe expressionof E is alsohigh. In thatcase,we expectthe expressionof B to be low even
though A is high. This leadsusto the secondcomponenbf a BayesianNetwork. In additionto a graph
that describeqin)dependenciebetweenvariables,eachvariableis describedas a stochasticfunction of
its parents.Specifically we associatevith eachvariable X a conditionalprobability modelthat specifies
the probability of X givenits parents.We denotethe probability of a variable(gene)X to have thevalue
(expressiorlevel) z giventhevaluesof its parentgpa(X) asP(z|pa(X)).

Usingstochastianodelsis naturalin the geneexpressiordomainfor severalreason:First, the biological
processewe wantto modelarestochastic(Regardles®f whethetthisis inherentstochasticityor afunction
of our inability to measuresomeof the quantitiesthat determinethe exact expressiorlevels.) Secondthe
measurementsf theunderlyingbiological systemarenoisy

2.2 RepresentingDistrib utions with BayesianNetworks

We now review the formal definition of Bayesiannetworks. Considera finite setX = {X1,...,X,} of
randomvariableswhereeachvariable X; may take on a valuez; from the domainVal(X;). In this paper
we focuson finite domains,thoughmuch of the following holdsfor infinite domains,suchascontinuous
valuedrandomvariables.We usecapitalletters,suchas X, Y, Z, for variablenamesandlowercasdetters
z,y, z to denotespecificvaluestaken by thosevariables.Setsof variablesaredenotedby boldfacecapital
letters X, Y, Z, andassignmentsf valuesto thevariablesin thesesetsaredenotedby boldfacelowercase
lettersx,y, z. Wedenotel (X;Y | Z) to meanX is independenof Y conditionedon Z.

A Bayesiannetworkis a representatiof a joint probability distribution. This representatioronsists
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of two components.The first component(, is a directedagyclic graphwhoseverticescorrespondo the
randomvariablesX,, ..., X,,. Theseconctcomponentescribes conditionaldistribution for eachvariable,
givenits parentsn G. Togetherthesetwo componentspecifya uniquedistributionon X1, ..., X,.

The graph G representsonditionalindependencassumptionghat allow the joint distribution to be
decomposedeconomizingon the numberof parameters.The graphG encodeghe Markov Assumption
Eachvariable X; is independentf its non-descendantfivenits parentsn G. Formally, we denotethis as:

Vi, I(X;;NonDescendnet;) | Pa(X;)) (1)

wherePa(X;) is the setof parentsof X; in G, and NonDescendnetX;) arethe non-descendentsf X;
in G. By applyingthe chainrule of probabilitiesand propertiesof conditionalindependenciesry joint
distribution thatsatisfieq1) canbe decomposeth the productform

P(X1,...,X,) = ﬁ P(X;|Pa(X;)).
=1

Figure2 shavs anexampleof agraphG, lists the Markov independencies encodesandthe productform
they imply.

To specify a joint distribution, we alsoneedto specify the conditionalprobabilitiesthat appearin the
productform. This is the secondcomponentof the network representation.This componentdescribes
distributions P(z;|pa(X;)) for eachpossiblevaluez; of X;, andpa(X;) of Pa(X;). In the caseof finite
valuedvariables,we canrepresentheseconditionaldistributions astables. Generally Bayesiametworks
are flexible and can accommodatenary forms of conditionaldistribution, including various continuous
models.

Given a Bayesiannetwork, we might want to answermary typesof questionsthat involve the joint
probability (e.g.,whatis the probability of X = z given obsenration of someof the othervariables?)or
independencies thedomain(e.g.,areX andY independenbncewe obsere Z?). Theliteraturecontainsa
suiteof algorithmsthatcananswersuchquerieqseee.g. (Jenseri996,Pearl1988)),exploiting the explicit
representationf structurein orderto answemueriesefficiently.

2.3 EquivalenceClassesf BayesianNetworks

A Bayesiametwork structureG impliesa setof independencassumptionn additionto theindependence
statementsf (1). LetInd(G) bethesetof independencstatementof theform X isindependentf Y given
Z) thatholdin all distributionssatisfyingthesemarkov assumption3 hesecanbe derved asconsequences
of (1).

More thanone graphcanimply exactly the samesetof independenciestor example,considergraphs
over two variablesX andY. ThegraphsX — Y andX « Y bothimply the samesetof independencies
(i.e.,Ind(G) = (). We saythattwo graphsG andG’ areequivalentf Ind(G) = Ind(G").

This notion of equivalenceis crucial, sincewhenwe examineobserationsfrom a distribution, we often
cannotdistinguishbetweenequialentgraphs. Resultsof (Chickering 1995, Pearl& Verma1991)shov
that we cancharacterizeequivalenceclassesof graphsusinga simplerepresentationln 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 directededgeX — Y denotegshatall members
of the equvalenceclasscontaintheedgeX — Y’; anundirectededgeX—Y denotegshatsomemembers
of theclasscontaintheedgeX — Y, while otherscontaintheedgeY — X. GivenadirectedgraphG the
PDAG representatioof its equivalenceclasscanbe constructecefficiently (Chickering 1995).



2.4 Learning BayesianNetworks

Theproblemof learningaBayesiametwork canbestatedasfollows. GivenatrainingsetD = {x!,...,xV}
of independeninstanceof X, find anetwork B = (G, ©) thatbestmatdiesD. The commonapproach
to this problemis to introducea statisticallymotivatedscoringfunction that evaluateseachnetwork with
respecto thetrainingdata,andto searchor the optimalnetwork accordingto this score.

A commonlyusedscoringfunction is the Bayesianscoring metric (see(Cooper& Herslovits 1992,
Heclermanet al. 1995)for completedescription):ScordG : D) = log P(G | D) = log P(D | G) +
log P(G) + C whereC is a constanindependenof G andP(D | G) = [P(D | G,0)P(© | G)dO is
the marginal likelihoodwhich averageghe probability of the dataover all possibleparameteassignments
to G. The particularchoiceof priors P(G) and P(© | G) for eachG determineghe exact Bayesian
score.Undermild assumption®n the prior probabilities,this scoringmetricis asymptoticallyconsistent:
Givena sufiiciently large numberof samplesgraphstructureghat exactly captureall dependenciems the
distribution, will receve, with high probability a higherscorethanall othergraphs(Barron& Cover 1991,
Friedman& Yakhini 1996,Hoffgen 1993). This meansthat givena suficiently large numberof instances
in large datasets Jearningproceduregsanpinpointthe exactnetwork structureup to the correctequvalence
class.

Heckermanetal. (1995)presentfamily of priors,calledBDe priors, thatsatisfytwo importantrequire-
ments:First, thesepriorsarestructue equivalentif G andG’ areequialentstructureghey areguaranteed
to have the samescore.Secondthe priorsaredecomposableThatis, the scorecanbe rewritten asthe sum
Scorgpe(G : D) = Y, ScoreContribtiongpe(X;, Pa(X;) : D), wherethe contrilution of every variable
X; to thetotal network scoredependnly on its own valueandthe valuesof its parentsn G. Thesetwo
propertiesaresatisfiedfor BDe priorswhenall instances in D arecomplete—thatis, they assigrvalues
to all thevariablesn X.

Oncethe prior is specifiedandthe datais given, learningamountsto finding the structureG that maxi-
mizesthescore.This problemis knowvn to be NP-hard(Chickering 1996),thuswe resortto heuristicsearch.
The decompositiorof the scoreis crucial for this optimizationproblem. A local searchprocedurethat
change®needgeat eachmove canefficiently evaluatethe gainsmadeby adding,removing or reversinga
singleedge.An exampleof sucha procedures a greedyhill-climbing algorithmthatat eachstepperforms
the local changethatresultsin the maximalgain, until it reachesa local maximum. Although this proce-
duredoesnot necessarilyfind a global maximum,it doesperformwell in practice,whencombinedwith
multiple randomrestarts.Examplesof othersearchmethodshat adwvanceusingone-edgechangesnclude
beam-searctstochastidill-climbing, andsimulatedannealing.

2.5 Learning CausalPatterns

A Bayesiametwork is amodelof dependenciesetweermultiple measurementdVe arealsointerestedn
modelingthe procesghat generatedhesedependenciesThus, we needto modelthe flow of causalityin
the systemof interest(e.g.,genetranscription).A causalnetworkis a modelof suchcausalprocesseslt’'s
representatiors similar to a Bayesiametwork (i.e. a DAG whereeachnoderepresentarandomvariable
alongwith alocal probabilitymodelfor eachnode) thedifferencebeingit interpretshe parentf avariable
asits immediatecauses

We canrelate causalnetworks and Bayesiannetworks, by assumingthe CausalMarkov Assumption
giventhe valuesof a variables immediatecausesit is independentf its earliercauses.Whenthe causal
Markov assumptiorholds, the causalnetwork satisfiesthe Markov independenciesf the corresponding
Bayesiannetwork, thusallowing usto treatcausalnetworks as Bayesiannetworks. This assumptioris a
naturalonein modelsof geneticpedigrees:oncewe know the geneticmakeup of the individual’s parents
thegeneticmakeupof herearlierancestorsrenotinformative aboutherown geneticmakeup.

ThemaindifferencebetweercausalndBayesiametworks, is thata causahetwork modelsnotonly the



distribution of the obserations,but alsothe effectsof interventions If X causes”, thenmanipulatingthe
valueof X (i.e.,settingit to anothewaluein suchaway thatthemanipulationitself doesnotaffecttheother
variables),affectsthe valueof Y. Onthe otherhand,if Y is a causeof X, thenmanipulatingX will not
affectY. Thus,althoughthe Bayesiametworks X — Y and X < Y areequvalent,ascausalnetworks
they arenot.

When canwe learna causalnetwork from obserations? This issuereceved a thoroughtreatmentin
theliterature(Heclkermanet al. 1997,Pearl& Vermal991,Spirteset al. 1993). We only sketchthe main
ideahere. From obsenationsalone,we cannotdistinguishbetweencausalnetworks that specifythe same
independencassumptionsi.e., up to an equivalenceclass. Thus,asin Bayesiannetworks, we canonly
narrav down our modelto anequivalenceclass.Whenlearninganequialenceclass(PDAG) from thedata,
we canconcludethatthe true causahetwork is possiblyary oneof the networksin this class.If adirected
edgeX — Y isin the PDAG, thenall the networksin the equivalenceclassagreethat X is animmediate
causeof Y. Thus,we infer the causaldirectionof theinteractionbetweenX andY .

3 Applying BayesianNetworks to ExpressionData

In this sectionwe describeour approactto analyzinggeneexpressiordatausingBayesiametwork learning
techniqguesWe modelthe expressionevel of eachgeneasa randomvariable. 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 procedurewas usedto get a biopsy sample),and
exogenougellularconditions.

By learninga Bayesiannetwork basedon the statisticaldependenciebetweenthesevariables,we can
answerawide rangeof queriesaboutthe system For example doesthe expressiorievel of a particulargene
depend®n the experimentalcondition?ls this dependencdirect,or indirect?If it is indirect,which genes
mediatethedependenc? We now describehow onecanlearnsucha modelfrom thegeneexpressiordata.
Many importantissuesarisewhenlearningin this domain. Theseinvolve statisticalaspect®f interpreting
theresults,algorithmiccompleity issuesn learningfrom the data,andpreprocessingf thedata.

Most of thedifficultiesin learningfrom expressiordatarevolve aroundthefollowing centralpoint: Con-
trary to mostpreviousapplicationof learningBayesiametworks, expressiordatainvolvestranscriptievels
of thousand®f geneswhile currentdatasetscontainat mosta few dozensamples.This raisesproblems
in computationatompleity andthe statisticalsignificanceof theresultingnetworks. On the positive side,
geneticregulationnetworksaresparsei.e., givenagene,it is assumedhatno morethanafew dozengenes
directly affectits transcription Bayesiametworksareespeciallysuitedfor learningin suchsparselomains.

3.1 RepresentingPartial Models

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

Thefirst type of featureds Markov relations Is Y in the Markov blanket of X? The Markov blanket of
X istheminimal setof variableghatshield X from therestof thevariablesn themodel.More precisely X

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



givenits Markov blanlketis independentrom theremainingvariablesn the network. It is easyto checkthat
this relationis symmetric:Y isin X's Markov blanketif andonly if thereis eitheran edgebetweerthem,
or both are parentsof anothervariable(Pearl1988). In the context of geneexpressiomanalysis,a Markov
relationindicatesthatthe two genesarerelatedin somejoint biological interactionor process.Note, two
variablesin a Markov relationaredirectly linked in the sensethat no variablein the model mediateshe
dependencéetweernthem. It remainspossiblethat an unobsered variable(e.g., proteinactiation) is an
intermediatdactorin theirinteraction.

The secondtype of featuresis order relations Is X an ancestorof Y in all the networks of a given
equvalenceclass? Thatis, doesthe given PDAG containa pathfrom X to Y in which all the edgesare
directed?This type of featuredoesnot involve only a closeneighborhoodbut rathercapturesalong range
property Underthe properassumptiongseeSection2.5), learningthat X is anancestoof Y in the PDAG
would imply that X is a causeof Y. However, theseassumptionslo not necessarihhold in the context of
expressiordata. Thus,we view sucharelationasanindicationthat X mightbea causalncestoof Y.

3.2 Estimating Statistical Confidencein Features

We now facethefollowing problem: To what extentdoesthe datasupporta givenfeature?More precisely
we wantto estimatea measureof confidencen the featuresof the learnednetworks, where“confidence”
approximateshe likelihoodthata given featureis actuallytrue (i.e. is basedon a genuinecorrelationand
causation)ldeally, we would wantto computethe posteriorP(G | D) over network structure.This would
allow usto computetheposteriotbeliefin eachfeature by summingthe posteriomprobabilityof all networks
thathave thefeature.Unfortunatelywe cannotcomputetheposteriorexplicitly sincethenumberof possible
networksis huge.Insteadwe resortto anapproximatenethodin the generalspirit of theideal solution.

An effective and relatively simple approachfor estimatingconfidencels the bootstap method(Efron
& Tibshirani1993). The mainideabehindthe bootstrapis simple. We generateéperturbed”versionsof
our original dataset,andlearnfrom them. In this way we collect mary networks, all of which arefairly
reasonablenodelsof thedata. Thesenetworks shav how smallperturbationgo the datacanaffect mary of
thefeatures.

In our context, we usethebootstrapasfollows:

e Fori=1...m (in ourexperimentswe setm = 200).

— Re-sampleavith replacement)N instancesrom D. Denoteby D; theresultingdataset.
— Apply thelearningprocedureon D; to inducea network structure(;.

e For eachfeaturef of interestcalculateconfidencéf) = L -7, f(Gy), wheref(G) is 1if fisa
featurein G, andO otherwise.

We referthereaderto (Friedman,Goldszmidt& Wyner 1999)for moredetails,aswell aslarge-scalesim-

ulation experimentswith this method. Thesesimulationexperimentsshawv thatfeaturesnducedwith high

confidencearerarelyfalsepositves,evenin caseswherethe datasetsaresmallcomparedo the systembe-

ing learned.This bootstragrocedureppearespeciallyrobustfor the Markov andorderfeaturesiescribed
in Section3.1.

3.3 Efficient Learning Algorithms

In Section2.4,we formulatedlearningBayesiametwork structureasanoptimizationproblemin the space
of directedagyclic graphs. The numberof suchgraphsis superexponentialin the numberof variables.
As we considerhundredsandthousand®f variables,we mustdealwith an extremelylarge searchspace.
Therefore we needto use(anddevelop)efficient searchalgorithms.



To facilitate efficient learning, we needto be able to focus the attentionof the searchprocedureon
relevantregionsof the searchspacegiving riseto the Spase Candidatealgorithm(FriedmanNachmar&
Pe’er1999). The mainideaof this techniques thatwe canidentify arelatvely 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 find a goodstructurequickly.

A possiblepitfall of this approachis that early choicescanresultin an overly restrictedsearchspace.
To avoid this problem,we devised an iterative algorithmthat adaptsthe candidatesetsduring search.At
eachiterationn, for eachvariableX;, thealgorithmchooseshesetC* = {Y1,...,Y}} of variableswhich
are the most promisingcandidateparentsfor X;. We thensearchfor B,,, an optimal network in which
Pa%(X;) C C?. Thenetwork foundis thenusedto guidethe selectiorof bettercandidatesetsfor the next
iteration. We ensurethat B,, monotonicallyimprovesin eachiterationby requiringPa®»-1(X;) C C. The
algorithmcontinuesuntil thereis no changein the candidatesets.

We briefly outline our methodfor choosingC;*. In theinitial phaseof the algorithm,we usethe score
ScoreContribitiongpe(X;, X; : D) to measurahe quality of having X; asaparentof X;. We thensetC?
to bethe k variableswith the highestsuchscores.Sincethe scoresof familiesarenot additive, this choice
of candidatesanbesub-optimal.In lateriterations we take into accounthe network foundin the previous
iteration, and measurethe quality of adding X; to X;'s currentparents. Thus, we evaluateeachX; by
computingScoreContribitiongpe(X;, {X;} U Pa"~1(X;) : D) wherePa"~!(X;) arethe parentsof X; in
thenetwork foundattheendof previousiteration. We thensetC? to consistof Pa” ! (X;) andthevariables
thatmaximizethis score.We referthereaderto (FriedmanNachman& Pe’er1999)for moredetailsonthe
algorithmandits compleity, aswell asempiricalresultscomparingits performanceo traditional search
techniques.

3.4 Discretization

In orderto specifya Bayesiametwork model,we still needto definethe local probability modelfor each
variable.At the currentstage we chooseo focuson the qualitative aspect®f thedata,andsowe discretize
geneexpressionvaluesinto threecateyories: —1,0, and 1, dependingon whetherthe expressionlevel is
significantlylower than,similar to, or greaterthantherespecire control. The controlexpressiorlevel of a
genecanbeeitherdeterminedxperimentally(asin the methodsof (DeRisi.etal. 1997)),or it canbesetas
the averageexpressiorlevel of the geneacrossexperiments.The meaningof “significantly” is definedby
settinga thresholdto the ratio betweermeasureaxpressionandcontrol. In our experimentswe choosea
thresholdvalueof 0.5 in logarithmic(base2) scale.

It is clearthatby discretizingthe measureaxpressionevelswe areloosinginformation. An alternatve
to discretizationis using (semi)parametricensitymodelsfor representingonditionalprobabilitiesin the
networkswe learn(e.g(Heckerman& Geigerl995,Lauritzen& Wermuth1989,Hoffman& Trespl1996)).
However, a badchoiceof the parametriddamily canstrongly biasthe learningalgorithm. We believe that
discretizatiorprovidesa reasonablyinbiasedapproachor dealingwith this type of data. We arecurrently
exploring the appropriatenessf severaldensitymodelsfor this type of data.

4 Application to Cell Cycle ExpressionPatterns

We appliedour approactio thedataof Spellmaretal. (1998),containing76 geneexpressiormeasurements
of themRNA levelsof 6177S.cerevisiae ORFs. Theseexperimentaneasuresix time seriesunderdifferent
cell cycle synchronizatiormethods. Spellmanet al. (1998)identified 800 geneswvhoseexpressiorvaried
over the differentcell-cycle stages.Of these,250 clusteredinto 8 distinct clustersbasedon the similarity
of expressiorprofiles. We learnednetworks whosevariableswverethe expressiorlevel of eachof these800
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Figure3: Histogramsof the numberof featuresat differentconfidencdevelsfor the cell cycle dataset,and
the randomizeddataset. The histogramson the left areof orderrelations,andthe on theright for Markov
relationsThesehistogramsareall basedn the 250geneglataset.

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

In learningfrom this data,we treateachmeasuremergsa samplerom adistribution, anddo nottake into
accountthe temporalaspecbf the measurementSinceit is clearthatthe cell cycle processs of temporal
nature we compensatéy introducinganadditionalvariablethatdenoteghecell cycle phase This variable
is thenforcedto bearootin all thenetworkslearned Its presenceallowsto modeldependencof expression
levelson currentcell cycle ?

Fromthis dataset,we learnedBayesiametworks usingthe SparseCandidatealgorithmwith a 200-fold
bootstrap.Thelearnedfeaturesshav thatwe canrecover intricatestructureevenfrom suchsmalldatasets.
It is importantto notethatour learningalgorithmusesno prior biological knowledgenor constraints. All
learnednetworks andrelationsare basedsolely on the information containedin the measurementhem-
seles. Theseresultsareavailableat our WWW site:
http://ww. cs. huji.ac.il/labs/pmai 2/ expression.

4.1 RobustnessAnalysis

We performeda numberof teststo analyzethe statisticalsignificanceandrobustnes®f our procedure We
carriedmostof thesetestson the smaller250genedatasetfor computationateasons.

To testthecredibility of our confidenceassessmeniye createchrandomdatasetby randomlypermuting
theorderof theexperimentindependentlyor eachgene.Thusfor eachgenethe orderwasrandom but the
compositionof the seriesremainedunchangedin sucha dataset,genesareindependentf eachother and
thuswe do not expectto find “real” features.As expected both orderandMarkov relationsin the random
datasethave significantlylower confidence We comparethe distribution of confidencesstimatedetween
the original datasetandthe randomizednein Figure3. Clearly the distribution of confidenceestimates
in the original datasethave a longerandheavier tail in the high confidenceregion. Also, the confidence
distribution for therealdatasetis concentrate@loserto zero. This suggestshatthe networkslearnedirom
therealdataaresparser

Ouranalysignvolveslessthan15%of the S.cervisaegenesThisraisesconcerrthatomissionsof genes
leadto spuriousconclusions.To estimatewhethersuchconclusionsappearin our analysis,we testedthe
robustnesf our analysisto the additionof moregenescomparingthe confidenceof the learnedfeatures
betweerthe 250and800 genedatasets.We found a stronglinear correlationbetweerconfidencdevels of
featuresobtainedirom thetwo datasets.

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

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



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

Gene/ORF | Dominance| # of descendergenes

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 nucleotideexcision repair hull 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 confidencefeaturesto the choiceof this
threshold.This wastestedby repeatinghe experimentsusingdifferentthresholdevels. Again, thegraphs
shav a definitelineartendeng in the confidenceestimatef featuresbetweerthe differentdiscretization
thresholds.

4.2 Biological Analysis

We believe that the resultsof this analysiscanbe indicative of biological phenomenan the data. This is
confirmedby 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 our analysis.We only very briefly summarizea few of these.

4.2.1 Order Relations Themoststriking featureof the high confidenceorderrelations,is the existence
of dominantgenes Out of all 800 genesonly few seemto dominatethe order (i.e., appearbeforemary
genes).Theintuition is thatthesegenesareindicatie of potentialcausalsourcesf the cell-cycle process.
Let C,(X,Y') denotethe confidencen X beingancestoof Y. We definethe dominancescoe of X as
2v,co(x,v)>t Co(X, Y)*, usingthe constantt for rewardinghigh confidencefeaturesandthe thresholdt
to discardlow confidenceones. We referto geneswith high dominancescoreasdominantgenes.These
genesareextremelyrobustto parameteselectionfor both¢, k¥ andthe discretizationcutoff of Section3.4.
A list of the highestscoringdominantgenesappearsn Tablel.

Inspectionof the list of dominantgenesrevealsquite a few interestingfeatures. Among the dominant
genesarethosedirectly involved in cell-cycle control and initiation (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-associatedomainwhich is found almostentirely
amongnuclearproteins). Many of thesegenesare component®f 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 thedominatedgeneqi.e. arecausedy dominatorswith high confidencepre
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Table2: List of top Markov relations

Confidence| Genel Gene2 notes

1.0 YKL163W-PIR3 | YKL164C-PIR1 | Closelocality onchromosome

0.985 PRY2 YKRO012C No homologfound

0.985 MCD1 MSH®6 Both bindto DNA during mitosis

0.98 PHO11 PHO12 Both nearlyidenticalacid phosphatases

0.975 HHT1 HTB1 Both areHistones

0.97 HTB2 HTAL Both areHistones

0.94 YNLO57W YNLO58C Closelocality on chromosome

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 SVS1unknavn, possibleregulationmediatedhroughSWI6

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 aresulfitereductases

0.85 CDC9 RAD27 Both participatein Okazakifragmentprocessing

themselespartof thereplicationmachinery(e.g. CDC54andMCM2), or aretranscriptiorregulators(e.g.
RME1,ASH1,andTEC1). Thesecausalelationsdo notonly make sensébut alsoshav thathigh confidence
orderrelationsidentify pairsof geneswvhich areclose(i.e. with smallnumberof intermediatdactors)in the
causabpathway.

4.2.2 Markov Relations Inspectionof the top Markov relationsrevealsthatmostpairsarefunctionaly
related.A list of thetop scoringrelationscanbefoundin Table2. Amongthese all involving two known
genes(10/20) make sensebiologically When one of the ORFsis unknavn careful searcheaising Psi-
Blast (Altschul et al. 1997), Pfam (Sonnhammeet al. 1998) and Protomap(Yonaet al. 1998) canreveal
firm homologiesto proteinsfunctionally relatedto the othergenein the pair. (e.g. YHR143W which is
pairedto the endochitinaseCTS1, is relatedto EGT2 - a cell wall maintenanceprotein). Several of the
unknavn pairs are physically adjacenton the chromosomeand thus presumablyregulatedby the same
mechanismSuchanalysisraiseshe numberof biologically sensiblgpairsto 17/20.For theother3 pairsno
clearhomologycouldbeassigned.

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

5 Discusionand Future Work

In this paperwe presentedh newv approachfor analyzinggeneexpressiondatathat builds on theoryand
algorithmsfor learning Bayesiannetworks. We describedhowv one can apply thesetechniquego gene
expressiondata. The approachincludestwo techniqueghat were motivatedby the challangegposedby
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this domain:a novel searchalgorithm(FriedmanNachmans Pe’er1999)andanapproacHor estimating
statisticalconfidencdFriedmanGoldszmidi& Wyner1999).We appliedour methodgo therealexpression
dataof Spellmaretal. (1998). Althoughwe did notuseary prior knowledge,we managedo extractmary
biologically plausibleconclusiongrom this analysis.

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

Thebiologicalmotivationof ourapproaclis similarto work oninducinggeneticnetworksrom data(Akutsu
etal. 1998,Chenetal. 1999,Somogyietal. 1996,Weaveretal. 1999). Therearetwo key differencesFirst,
themodelswe learnhave probablisticsemanticsThis betterfits the stochastimatureof boththe biological
processeandnoisyexperimentationSecondpur focusis on extractingfeatureshatarepronouncedn the
data,in contrastio currentgeneticnetwork approachethatattemptto find a singlemodelthatexplainsthe
data.

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

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