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Abstract

DNA hybridizationarrayssimultaneouslymeasurahe expressionlevel for thousandof
genes. Thesemeasurementgrovide a “snapshot’of transcriptionlevels within the cell. A
majorchallengen computationabiologyis to uncover, from suchmeasurementgene/protein
interactionsandkey biologicalfeaturesof cellularsystems.

In this paper we proposea new framework for discovering interactionsbetweengenes
basedon multiple expressionmeasurementsThis framevork builds on the useof Bayesian
networkdor representingtatisticadependencieA Bayesiametworkis agraph-basethodel
of joint multivariateprobability distributions that capturegropertiesof conditionalindepen-
dencebetweenvariables. Such modelsare attractive for their ability to describecomple
stochastigprocessesand sincethey provide clear methodologiedor learningfrom (noisy)
obsenations.

We startby shoving how Bayesiannetworkscan describeinteractionsbetweengenes.
We thendescribea methodfor recorering geneinteractiondrom microarraydatausingtools
for learningBayesiametworks. Finally, we apply this methodto the S. cetevisiaecell-gycle
measurementsf Spellmanetal. (1998).

*A preliminaryversionof this work appearedn Proceedingof the Fourth Annualinternational Confeenceon
ComputationaMolecularBiology, 2000. Thiswork wassupportedhroughthegenerosityof theMichaelSachefTrust
andlsraeli Science~oundationequipmengrant.



1 Intr oduction

A centralgoal of molecularbiology is to understandhe regulationof proteinsynthesisandits
reactionsto externaland internalsignals. All the cellsin an organismcarry the samegenomic
data,yettheir proteinmakeupcanbedrasticallydifferentbothtemporallyandspatially dueto reg-
ulation. Proteinsynthesiss regulatedby mary mechanismat its differentstages.Theseinclude
mechanismdor controlling transcriptioninitiation, RNA splicing, mRNA transport,translation
initiation, post-translationaiodifications,and degradationof mRNA/protein. One of the main
junctionsat which regulationoccursis mRNA transcription. A major role in this machineryis
playedby proteinsthemseles,thatbindto regulatoryregionsalongthe DNA, greatlyaffectingthe
transcriptionof the geneghey regulate.

In recentyears, technicalbreakthroughsn spotting hybridization probesand adwancesin
genomesequencingefforts lead to developmentof DNA microarrays which consistof mary
speciesof probes,eitheroligonucleotidesor cDNA, that areimmobilizedin a predefinedorga-
nizationto a solid phase. By using DNA microarraysresearcherarenow ableto measurdahe
alundanceof thousand®f mRNA targetssimultaneouslyDeRisi.,lyer & Brown 1997,Lockhart,
Dong, Byrne, Follettie, Gallo, Chee,Mittmann, Want, KobayashiHorton & Brown 1996, Wen,
FurhmannMicheals,Carr, Smith,Barker& Somogyi1998).Unlike classicakxperimentswhere
theexpressiorievelsof only afew genesverereported DNA microarrayexperimentanmeasure
all the genesof anorganism,providing a “genomic” viewpoint on geneexpression.As a conse-
guencethistechnologyfacilitatesnew experimentabpproachefr understandingeneexpression
andregulation(lyer, Eisen,Ross,Schuler Moore,Lee, Trent, Staudt Hudson Boguski,Lashkari,
ShalonBotstein& Brown 1999,SpellmanSherlockZhang,lyer, Anders Eisen,Brown, Botstein
& Futcherl998).

Early microarrayexperimentsxaminedfew samplesandmainly focusedon differentialdis-
play acrosstissuesor conditionsof interest. The designof recentexperimentsfocuseson per
forming a larger numberof microarrayassaysangingin size from a dozento a few hundreds
of samples.In the nearfuture, datasetscontainingthousand®f sampleswill becomeavailable.
Suchexperimentscollect enormousamountsof data,which clearly reflectmary aspectsf the
underlyingbiologicalprocessesAn importantchallengeas to developmethodologieshatareboth
statisticallysoundandcomputationallytractablefor analyzingsuchdatasetsandinferring biolog-
ical interactiondrom them.

Most of the analysistools currently usedare basedon clusteringalgorithms. Thesealgo-
rithms attemptto locategroupsof genesthat have similar expressionpatternsover a setof ex-
periments(Alon, Barkai, Notterman,Gish, Ybarra, Mack & Levine 1999, Ben-Dor, Shamir&
Yakhini 1999, Eisen, Spellman,Brown & Botstein 1998, Michaels, Carr, Askenazi,Fuhrman,
Wen & Somogyil998,Spellmanet al. 1998). Suchanalysishasprovento be usefulin discor-
ering genesthat are co-reggulated. A more ambitiousgoal for analysisis revealingthe structure
of the transcriptionalregulation process(Akutsu, Kuhara,Maruyama& Minyano 1998, Chen,
Filkov & Skienal999, Somogyi,Fuhrman,Askenazi& Wuenschel996, Wearer, Workman&
Stormo01999). This is clearly a hard problem. The currentdatais extremely noisy. Moreover,
MRNA expressiondataaloneonly givesa partial picturethatdoesnot reflectkey eventssuchas
translationandprotein(in)activation. Finally, the amountof samplesgvenin the largestexperi-
mentsin the foreseeablduture, doesnot provide enoughinformationto constructa full detailed



Figurel: An exampleof a simpleBayesiametworkstructure.

o This networkstructuremplies several conditionalindependence
statements:
(A E), [(B;D | A E), I(C; A, D, E | B), [(D; B,C, E| A),

and/(FE; A, D).
® © o

The networkstructurealsoimpliesthatthe joint distribution has
theproductform

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

modelwith high statisticalsignificance.

In this paperwe introducea new approachor analyzinggeneexpressiorpatternsthatuncor-
erspropertieof thetranscriptionaprogramby examiningstatisticalpropertieof dependencand
conditionalindependence the data.We baseour approaclon the well-studiedstatisticaltool of
BayesiametworkgPearl1988). Thesenetworksrepresenthedependencstructurebetweermul-
tiple interactingquantitieg(e.g.,expressionievels of differentgenes).Our approachprobabilistic
in nature js capableof handlingnoiseandestimatingheconfidencen thedifferentfeaturesof the
network.We arethereforeableto focusoninteractionsvhosesignalin the datais strong.

Bayesiannetworksare a promisingtool for analyzinggeneexpressionpatterns. First, they
areparticularlyusefulfor describingprocessesomposef locally interactingcomponentsthat
is, the value of eachcomponendirectly dependson the valuesof a relatively small numberof
components.Second statisticalfoundationsfor learning Bayesiannetworksfrom obsenrations,
and computationahblgorithmsto do so are well understoodand have beenusedsuccessfullyin
mary applications. Finally, Bayesiannetworksprovide modelsof causalinfluence: Although
Bayesiannetworksare mathematicallydefinedstrictly in termsof probabilitiesand conditional
independencstatementsaconnectiorcanbemadebetweerthis characterizatioandthenotionof
directcausalinfluence (HeckermaniMieek& Cooperl997 Pearl& Vermal991,Spirtes Glymour
& Scheined993).

The remainderof this paperis organizedasfollows. In Section2, we review key concepts
of Bayesiannetworks,learningthem from obsenations,and usingthemto infer causality In
Section3, we describehow Bayesiametworkscanbe appliedto modelinteractionsamonggenes
anddiscussthe technicalissuesthat are posedby this type of data. In Section4, we apply our
approachto the gene-&pressiondataof Spellmanet al. (Spellmanet al. 1998), analyzingthe
statisticalsignificanceof the resultsand their biological plausibility. Finally, in Section5, we
concludewith a discussiorof relatedapproacheandfuturework.



2 BayesianNetworks

2.1 RepresentingDistrib utions with BayesianNetworks

Considera finite setX = {X;,..., X,,} of randomvariableswhereeachvariable X; may take
on a value z; from the domainVal(X;). In this paper we usecapitalletters,suchas X, Y, 7,
for variablenamesandlowercasdettersz, y, z to denotespecificvaluestakenby thosevariables.
Setsof variablesaredenotedy boldfacecapitalletters X, Y, Z, andassignmentef valuesto the
variablesn thesesetsaredenoteddy boldfacelowercasdettersx, y, z. Wedenote/ (X;Y | Z) to
meanX is independentf Y conditionedon Z.

A Bayesiametworkis arepresentationf ajoint probability distribution. This representation
consistsof two components.The first component(7, is a directedacyclicgraph (DAG) whose
verticescorrespondo the randomvariablesXy, ..., X,,. Thesecondcomponentf describesa
conditionaldistribution for eachvariable,givenits parentdn . Togetherthesetwo components
specifyauniquedistributionon X, ..., X,.

Thegraphd representsonditionalindependencassumptionghatallow thejoint distribution
to be decomposedgconomizingon the numberof parametersThe graphG encodeshe Markov
Assumption

(*) EachvariableX; is independentf its non-descendantgjvenits parentsn G.

By applyingthe chainrule of probabilitiesand propertiesof conditionalindependenciegry
joint distribution thatsatisfieg*) canbedecomposethto the productform

P(Xy,...,X,) = f[ P(X;|P& (X)), (1)

=1

wherePa”( X;) is thesetof parentof X, in GG. Figurel shavs anexampleof agraphd, liststhe
Markov independenciei$ encodesandthe productform they imply.

A graph specifiesa productform asin (1). To fully specifya joint distribution, we also
needto specifyeachof the conditionalprobabilitiesin the productform. The secondpart of the
Bayesiametworkdescribesheseconditionaldistributions, P( X;|Pa” (X)) for eachvariable X;.
We denotethe parameterghatspecifythesedistributionsby 6.

In specifyingtheseconditionaldistributionswe canchoosdrom sereralrepresentationsn this
paperwe focuson two of the mostcommonlyusedrepresentationdsor the following discussion,
supposehatthe parentsof avariable X are{l;, ..., U;}. Thechoiceof representatiodepends
onthetypeof variableswe aredealingwith:

e Discretevariables. If eachof X andly, ..., U, takesdiscretevaluesfrom afinite set,then
we canrepresen (X | Uy, ..., U,) asatablethatspecifieghe probabilityof valuesfor X
for eachjoint assignmento U, ..., U;. Thusif, for example,all the variablesare binary
valued thetablewill specify2* distributions.

This is a generalrepresentationvhich can describeary discreteconditionaldistribution.
Thus,we do notlooseexpressienesdy usingthis representationT his flexibility comesat
aprice: Thenumberof free parameterss exponentialin the numberof parents.



¢ Continuous variables. Unlike the caseof discretevariableswhenthe variable X andits
parentd/y, ..., U, arerealvalued,thereis no representatiothatcanrepresenall possible
densities.A naturalchoicefor multivariatecontinuousdistributionsis the useof Gaussian
distributions. Thesecanbe representedn a Bayesiannetwork by usinglinear Gaussian
conditionaldensities In this representatiothe conditionaldensityof X givenits parentss
givenby:
P(X Juy,...,ux) ~ N(ag + Zai g, o).

Thatis, X is normallydistributedarounda meanthat dependdinearly on the valuesof its
parents. The varianceof this normaldistribution is independenof the parents'values. If
all the variablesin a networkhave linear Gaussiarconditionaldistributions, thenthe joint
distributionis amultivariateGaussiarfLauritzen& Wermuth1989).

e Hybrid networks. Whenour networkcontainsa mixture of discreteandcontinuousvari-
ableswe needto considethow to represeng conditionaldistribution for a continuousvari-
ablewith discreteparentsandfor a discretevariablewith continuougparentsin this paper
we disallov the latter case. Whena continuousvariable X hasdiscreteparents,we use
conditionalGaussiardistributions(Lauritzen& Wermuth1989)in whichfor eachjoint as-
signmento thediscreteparentf X, werepresenalinearGaussiamistributionof X given
its continuougparents.

Givena Bayesiametwork,we might wantto answemary typesof questionghatinvolve the
joint probability (e.g.,whatis the probability of X = z given obsenration of someof the other
variables?)or independencies the domain(e.g.,are X andY independenbncewe obsere
Z?). Theliteraturecontainsa suite of algorithmsthat cananswersuchqueries(see,e.g.(Jensen
1996, Pearl1988)), exploiting the explicit representationf structurein orderto answerqueries
efficiently.

2.2 EquivalenceClassesf BayesianNetworks

A Bayesiannetwork structureG implies a setof independencassumptionsn additionto (*).
Let Ind() bethe setof independencstatementgof theform X is independendf Y given Z)
thatholdin all distributionssatisfyingtheseMarkov assumptionsThesecanbedervedasconse-
guence®f (*) (see(Pearl1988)).

Morethanonegraphcanimply exactly the samesetof independenciedzor example,consider
graphsover two variablesX andY. ThegraphsX — Y and X «+ Y bothimply the sameset
of independencie§.e., Ind(G) = §). Two graphsG andG’ areequivalentf Ind(G) = Ind(G").
Thatis, bothgraphsarealternatve waysof describinghe samesetof independencies

This notionof equivalences crucial,sincewhenwe examineobsenationsfrom a distribution,
we cannotdistinguishbetweerequialentgraphs.PearlandVerma(1991)shav thatwe canchar
acterizeequivalenceclassesof graphsusinga simplerepresentationln particular theseresults
establisithatequivalentgraphshave the sameunderlyingundirectedyraphbut might disagreeon
thedirectionof someof thearcs.



Theorem2.1 (Pearl & Verma1991)Two DAGs are equivalentif and only if they havethe same
underlyingundirectedgraph and the samev-structues (i.e. conveming directededgesinto the
samenode,sud asa — b < c).

Moreover, anequivalenceclassof networkstructuresanbeuniquelyrepresentelly apartially
directedgraph(PDAG), whereadirectededgeX — Y denoteshatall member®ftheequivalence
classcontainthearc X — Y'; anundirectedcedgeX—Y denoteghatsomemembersf theclass
containthe arc X — Y, while otherscontainthearcY — X. Givena DAG &, the PDAG
representationf its equivalenceclasscanbe constructecfficiently (Chickering1995).

2.3 Learning BayesianNetworks

The problemof learninga Bayesiametworkcanbe statedasfollows. GivenatrainingsetD =
{x!,...,x"} of independeninstanceof X, find a network B = (G, ©) thatbestmatdes D.
More preciselywe searchor anequvalenceclassof networksthatbestmatchesD.

Thetheoryof learningnetworksfrom datahasbeenexaminedextensvely overthelastdecade.
We only briefly describethe high-level detailshere.We referthe interestedeaderto (Heckerman
1998)for arecenttutorial on the subject.

The commonapproacho this problemis to introducea statisticallymotivatedscoringfunc-
tion that evaluateseachnetworkwith respecto the training data,andto searchfor the optimal
networkaccordingto this score. One methodfor derving a scoreis basedon Bayesianconsid-
erations(see(Cooper& Herskwits 1992,HeckermanGeiger& Chickering1995)for complete
description).In this score we evaluatethe posteriomprobability of agraphgiventhedata:

S(G:D) = logP(G| D)
= log P(D | G) +log P(G) + C

where(' is aconstanindependenof G and
P(D|G) = /P(D |, 0)P(0 | G)dO

is the mamginal likelihood which averageghe probability of the dataover all possibleparameter
assignmentso . The particularchoiceof priors P(G) and P(© | () for each determines
the exact Bayesianscore. Undermild assumption®n the prior probabilities,this scoringmetric
is asymptoticallyconsistent:Given a sufficiently large numberof samplesgraphstructureghat
exactly captureall dependenciem the distribution, will receve, with high probability, a higher
scorethanall othergraphgseefor example(Friedmani Yakhini1996)). This meansthatgivena
sufficiently largenumberof instanceslearningproceduresanpinpointtheexactnetworkstructure
upto the correctequivalenceclass.

In thiswork we usethe priorsdescribedy HeckermarandGeiger(1995)for hybrid networks
of multinomial distributionsandconditionalGaussiardistributions. (This prior combinesearlier
workson priorsfor multinomialnetworks(Buntine1991,Cooper& Herskwits 1992,Heckerman
et al. 1995) and for Gaussiametworks(Geiger& Heckermanl994).) We refer the readerto
(Heckermar& Geigerl995)and(Heckermarl998)for detailsonthesepriors. For this paperwe
noteseveral propertiesof thesepriorsthatwill be usedin the discussiorbelon. Theseproperties
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arerelevantwhenwe learnfrom completedata, thatis, a datasetin which eachinstancecontains
thevaluesof all thevariablesn the network.In this casethefollowing propertieshold.

First, the priorsarestructue equivalenti.e.,if G andG’ areequivalentgraphsthey areguar
anteedo have thesameposteriorscore.Secondthescoreis decomposableThatis, thescorecan
berewritten asthesum

S(G: D) =" ScoreContribtion(X;, Pa” (X;) : D),

wherethe contribution of every variable X; to the total network scoredependonly on its own
valueandthevaluesof its parentdn (. Finally, thesdocal contributionsfor eachvariablecanbe
computedusinga closedform equation(again,see(Heckermar& Geigerl1995)for details).
Oncethe prior is specifiedandthe datais given, learningamountsto finding the structureG
thatmaximizeshescore.This problemis known to be NP-hard(Chickering1996),thuswe resort
to heuristicsearch. The decompositiorof the scoreis crucial for this optimizationproblem. A
local searchprocedureghatchange®nearc at eachmove canefficiently evaluatethe gainsmade
by adding,remaving or reversinga singlearc. An exampleof sucha procedurds a greedyhill-
climbing algorithmthat at eachstepperformsthe local changethat resultsin the maximalgain,
until it reachesa local maximum. Although this proceduredoesnot necessarilyfind a global
maximum,it doesperformwell in practice.Examplef othersearchmethodghatadwanceusing
one-arachangesncludebeam-searctstochastidill-climbing, andsimulatedannealing.

2.4 Learning CausalPatterns

Recall,aBayesiametworkis amodelof dependencidsetweemmultiple measurement$iowever,
we arealsointerestedn modelingthe mechanisnthat generatedhesedependenciesThus,we
wantto modelthe flow of causalityin the systemof interest(e.g.,genetranscription).A causal
networkis a modelof suchcausalprocessesHaving a causalinterpretatiorfacilitatespredicting
the effect of aninterventionin the domain: settingthe value of a variablein suchaway thatthe
manipulationtself doesnot affectthe othervariables.

While atfirst glancethereseemdo be no directconnectiorbetweenprobability distributions
and causality causalinterpretationsor BayesiarNetworkshave beenproposedPearl& Verma
1991). A causalnetworkis mathematicallyepresentedimilarly to a Bayesiametwork,a DAG
whereeachnoderepresentarandomvariablealongwith alocal probabilitymodelfor eachnode.
However, causalnetworkshave a stricterinterpretatiorof the meaningof edges:the parentsof a
variableareits immediatecauses

A causalnetworkmodelsnot only the distribution of the obsenrations,but alsothe effectsof
interventions If X causesy’, thenmanipulatingthe valueof X affectsthe valueof Y. Onthe
otherhand,if Y is acauseof X, thenmanipulatingX will notaffectY. Thus,althoughX — Y
andX <« Y areequvalentBayesiametworks they arenotequivalentascausanetworks.In our
biologicaldomainassumeX is atranscriptionfactorof Y. If we knockoutgeneX thenthis will
affectthe expressiorof geneY’, but a knockoutof geneY hasno effect onthe expressiorof gene
X.

A causalnetworkcanbeinterpretedasa Bayesiametworkwhenwe arewilling to makethe
CausalMarkov Assumption giventhe valuesof a variables immediatecausesit is independent



of its earliercauses Whenthe casualMarkov assumptiorholds,the causalnetworksatisfiesghe
Markov independenciesf the correspondin@ayesiametwork. For example,this assumptions
anaturalonein modelsof geneticpedigreesoncewe know thegeneticmakeupof theindividual's
parentsthegeneticmakeupof herancestorss notinformative aboutherown geneticmakeup.

The centralissueis: When can we learn a causalnetwork from obsenations? This issue
recevedathoroughtreatmentn theliterature(Heckermaretal. 1997 ,Pearl& Vermal991,Spirtes
etal. 1993).We briefly review therelevantresultsfor our needshere.

Firstwe makeanimportantdistinctionbetweeran observation a passve measuremerdf our
domain(i.e., a samplefrom X’) andan intervention settingthe valuesof somevariablesusing
forcesoutsidethe causalmodel (e.g.,geneknockoutor over-expression).lIt is well known that
interventionsareanimportanttool for inferring causality Whatis surprisingis that somecausal
relationscanbeinferredfrom obsenationsalone.

Fromobsenationsalone we cannotdistinguishbetweercausahetworksthatspecifythesame
independencassumptionsi.e., belongto the sameequivalenceclass(seesection2.2). When
learninganequvalenceclass(PDAG) from thedata,we canconcludethatthetrue causahetwork
is possiblyary oneof the networksin thisclass.If adirectedarc X — Y isin thePDAG, thenall
thenetworksin theequivalenceclassagreethat X is animmediatecauseof Y. In suchasituation
we infer thecausadirectionof theinteractionbetweenX andY'.

Thus,if wearewilling to acceptheCausaMarkov Assumptiorandwe canlearnaPDAG from
thedata,thenwe canrecover someof the causaldirections.Moreover, by usingTheorem2.1,we
canpredictwhataspect®f aproposednodelcanberecoreredbasecdn obsenationsalone.

Thesituationis morecomplex whenwe have a combinationof obsenationsandresultsof dif-
ferentinterventions.Fromsuchdatawe mightbeableto distinguishbetweerequivalentstructures.
CooperandYoo (1999)shav how to develop a Bayesiarapproactor learningfrom suchmixed
data.

3 Analyzing ExpressionData

In this sectionwe describeourapproacho analyzinggeneexpressiordatausingBayesiametwork
learningtechniques.

First we presentour modelingassumptions.We considerprobability distributions over all
possiblestatesof the systemin question(a cell or anorganismandits ervironment).\We describe
the stateof the systemusingrandomvariables. Theserandomvariabledenotethe expressiorievel
of individual genes.In addition,we canincluderandomvariableshatdenoteotherattributesthat
affectthesystemsuchasexperimentakonditionstemporalndicators(i.e.,thetime/stagehatthe
samplewastakenfrom), backgroundvariables(e.g.,which clinical procedurevasusedto geta
biopsysample) andexogenousellularconditions.

We thus attemptto build a modelwhich is a joint distribution over a collection of random
variables. If we hadsucha model, we could answera wide rangeof queriesaboutthe system.
For example,doestheexpressiorevel of a particulargenedependn the experimentakondition?
Is this dependencdirect, or indirect?If it is indirect,which genesnediatethe dependeng? Not
having amodelathand we wantto learnonefrom theavailabledataanduseit to answeiguestions
aboutthesystem.



In orderto learnsucha modelfrom expressiondata,we needto dealwith severalimportant
issueghatarisewhenlearningin thisdomain.Theseinvolve statisticalaspect®f interpretingthe
results algorithmiccompleity issuedn learningfrom thedata,andthe choiceof local probability
models.

Most of the difficultiesin learningfrom expressiondatarevolve aroundthe following central
point: Contraryto mostprevious applicationsof learningBayesiametworks,expressiordatain-
volvestranscriptlevels of thousand®f geneswhile currentdatasetscontainat mosta few dozen
samples.This raisesproblemsin computationatompleity andthe statisticalsignificanceof the
resultingnetworks.Onthe positve side,geneticregulationnetworksaresparsei.e., givenagene,
it is assumedhatno morethana few dozengeneddirectly affectits transcription.Bayesiamet-
worksareespeciallysuitedfor learningin suchsparsedomains.

3.1 RepresentingPartial Models

Whenlearningmodelswith mary variables smalldatasetsarenot sufficiently informative to sig-
nificantly determinghatasinglemodelis the“right” one.Insteadmary differentnetworksshould
be consideredsreasonablexplanationsf the given data. Froma Bayesiarperspectie, we say
thatthe posteriorprobabilityover modelsis notdominatedoy a singlemodel(or equivalenceclass
of models): Our approachis to analyzethis setof plausible(i.e., high-scoring)networks. Al-
thoughthis setcanbe very large, we might attemptto characterizéeatuesthat arecommonto
mostof thesenetworksandfocuson learningthem.

Beforewe examinetheissueof inferring suchfeatureswe briefly discusswo classeof fea-
turesinvolving pairsof variables.While at this point we handleonly pairwisefeaturesijt is clear
thatthis type of analysiss notrestrictedio them,andin the futurewe areplanningon examining
morecomple features.

Thefirst type of featureis Markovrelations Is Y in the Markovblanketof X? The Markov
blanketof X is the minimal setof variablesthat shield X from the restof the variablesin the
model.More precisely X givenits Markov blanketis independentrom theremainingvariablesn
thenetwork. It is easyto checkthatthis relationis symmetric:Y isin X's Markov blanketif and
onlyif thereis eitheranedgebetweerthem,or bothareparentof anothewariable(Pearl1988).In
the context of geneexpressiomanalysisa Markov relationindicateshatthetwo genesarerelated
in somejoint biological interactionor process.Note thattwo variablesin a Markov relationare
directly linked in the sensdahatno variablein the modelmediategshe dependencbetweerthem.
It remaingpossiblethatanunobseredvariable(e.g.,proteinactivation)is anintermediaten their
interaction.

The secondype of featuress order relations Is X anancestoof Y in all the networksof a
givenequvalenceclass?Thatis, doesthe given PDAG containa pathfrom X to Y in which all
theedgesaredirected?This type of featuredoesnotinvolve only a closeneighborhoodbut rather
capturesa globalproperty Recallthatunderthe assumptionsf Section2.4,learningthat X is an
ancestoof Y wouldimply that X is a causeof Y. However, theseassumptionslo not necessarily
holdin the contet of expressiordata. Thus,we view sucharelationasanindication,ratherthan
evidence that X mightbeacausakncestoof Y.

1 Thisobsenationis notuniqueto Bayesiametworkmodels.It equallywell appliesto othermodelsthatarelearned
from geneexpressiordata,suchasclusteringmodels.



3.2 Estimating Statistical Confidencein Features

We now facethe following problem: To what extentdoesthe datasupporta givenfeature?More
precisely we wantto estimatea measureof confidencan the featuresof the learnednetworks,
where“confidence”approximateshe likelihood thata givenfeatureis actuallytrue(i.e. is based
onagenuinecorrelationandcausation).

An effective,andrelatively simple , approactior estimatingconfidences thebootstap method Efron
& Tibshirani1993). Themainideabehindthe bootstraps simple. We generatéperturbed”ver-
sionsof our original dataset,andlearnfrom them. In this way we collectmary networks,all of
which arefairly reasonablenodelsof the data. Thesenetworksshav how smallperturbationgo
thedatacanaffectmary of thefeatures.

In our context, we usethebootstrapasfollows:

e For: =1...m (in ourexperimentswe setrm = 200).

— Re-samplavith replacementV instancesrom D. Denoteby D; theresultingdataset.
— Apply thelearningprocedureon D; to inducea networkstructure(.,.

e For eachfeaturef of interestcalculate

m

cont /) = — > /()

i=1
wheref(G) is 1if f is afeaturein ¢, and0 otherwise.

We referthe readerto (Friedman,Goldszmidt& Wyner 1999)for moredetails,aswell aslarge-
scalesimulationexperimentswith this method. Thesesimulationexperimentsshav thatfeatures
inducedwith high confidencererarelyfalsepositves,evenin casesvherethe datasetsaresmall
comparedo the systembeinglearned.This bootstragprocedureappearespeciallyrobustfor the
Markov andorderfeaturedescribedn section3.1.

3.3 Efficient Learning Algorithms

In section2.3, we formulatedlearningBayesiametworkstructureasan optimizationproblemin
thespaceof directedagyclic graphs.Thenumberof suchgraphgs superexponentiain thenumber
of variables.As we considerthundred=f variableswe mustdealwith anextremelylarge search
space.Thereforewe needto use(anddevelop) efficientsearchalgorithms.

To facilitateefficientlearning,we needto beableto focustheattentionof thesearchprocedure
onrelevantregionsof the searchspacegiving riseto the SparseCandidatealgorithm(Friedman,
Nachman% Pe'er1999). Themainideaof thistechniquds thatwe canidentify arelatively small
numberof candidateparentsor eachgenebasedon simplelocal statistics(suchascorrelation).
We thenrestrictour searchto networksin which only the candidatgyarentsof a variablecanbe
its parentsresultingin amuchsmallersearchspacan which we canhopeto find agoodstructure
quickly.

A possiblepitfall of this approachs thatearly choicescanresultin anoverly restrictedsearch
space. To avoid this problem,we devised an iterative algorithmthat adaptsthe candidatesets



during search. At eachiterationn, for eachvariable X;, the algorithm chooseghe setC? =
{Y1,..., Y} of variableswhich arethe mostpromisingcandidateparentsfor X;. We thensearch
for GG,,, a high scoringnetworkin which Pa™(X;) C C”. (ldeally, we would like to find the
highestscoringnetworkgiventhe constraintsbut sincewe areusinga heuristicsearchyve do not
have sucha guarantee.)he networkfoundis thenusedto guidethe selectionof bettercandidate
setsfor thenext iteration.We ensurehatthescoreof (-, monotonicallyymprovesin eachiteration
by requiringPa®-*(X;) C C?. Thealgorithmcontinuesuntil thereis no changen the candidate
sets.

We briefly outline our methodfor choosingC”*. We assigneachvariable X; somescoreof
relevanceto X;, choosingvariableswith the highestscore. Thequestionis thenhow to measure
the relevanceof potentialparentX; to X;. Friedmanet al. (1999) examine several measures
of relevance. Basedon their experiments,one of the most successfumeasuress simply the
improvementn thescoreof X; if weadd.X; asanadditionalparent.More preciselywe calculate

ScoreContrilition( X;, P&~ (X;) U {X;} : D) — ScoreContribition X;, Pa®*~' (X;) : D).

This quantitymeasuresiow muchtheinclusionof anedgefrom X; to X; canimprove the score
associateadvith X;. We then choosethe newv candidatesetto containthe previous parentset
Pa“"-1(X;) andthe variableshatseemto be moreinformative giventhis setof parents.

We refer the readerto (Friedman,Nachman& Pe'er1999)for moredetailson the algorithm
andits compleity, aswell asempiricalresultscomparingits performanceo traditional search
techniques.

3.4 Local Probability Models

In orderto specifya Bayesiametworkmodel,we still needto choosehetype of thelocal proba-
bility modelswe learn.In thecurrentwork, we consideitwo approaches:

e Multinomial model. In this modelwetreateachvariableasdiscreteandlearnamultinomial
distribution that describeghe probability of eachpossiblestateof the child variablegiven
thestateof its parents.

e Linear Gaussianmodel. In this modelwe learna linear regressionmodelfor the child
variablegivenits parents.

Thesemodelswerechosersincetheir posteriorcanbe efficiently calculatedn closedform.

To applythemultinomialmodelwe needo discretizeéhegeneexpressiornvalues.We choosdo
discretizehesevaluesinto threecateories:underexpressed —1), normal(0), andoverexpressed
1, dependingon whetherthe expressiorrateis significantlylower than,similar to, or greaterthan
control,respectrely. The controlexpressiorevel of a genecanbe eitherdeterminedxperimen-
tally (asin the methodsof (DeRisi. etal. 1997)),or it canbe setasthe averageexpressionevel
of thegeneacrosexperimentsWe discretizeby settinga thresholdo theratio betweermeasured
expressiorandcontrol. In our experimentsve chooseathresholdvalueof 0.5 in logarithmic(base
2) scale. Thus,valueswith ratio to controllower than2-%% areconsideredinderexpressedand
valueshigherthan2’ areconsideredver-expressed.

Eachof thesetwo modelshasbenefitsanddravbacks. On one hand,it is clearthat by dis-
cretizingthe measuredxpressionevels we areloosinginformation. The linearGaussianmodel
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doesnot suffer from the informationlosscausedy discretization.On the otherhand,the linear
Gaussiai€modelcanonly detectdependenciethatarecloseto linear In particular it is notlikely
to discover combinatorialeffects(e.g.,a geneis over expressednly if several genesarejointly
over expressedput notif atleastoneof themis not over expressed).The multinomial modelis
moreflexible andcancapturesuchdependencies.

4 Application to Cell Cycle ExpressionPatterns

We appliedour approachto the dataof Spellmanet al. (Spellmanet al. 1998). This data
setcontains76 geneexpressionmeasurementsf the mRNA levelsof 6177 S. cerevisiae ORFs.
Theseexperimentsmeasuresix time seriesunderdifferentcell cycle synchronizatiormethods.
Spellmanet al. (1998)identified800 genesnvhoseexpressiornvariedover the differentcell-cycle
stages.

In learningfrom this data,we treateachmeasuremerdasanindependensamplefrom a distri-
bution, anddo nottakeinto accounthetemporalaspecf the measuremenSinceit is clearthat
the cell cycle processs of temporalnature we compensatéy introducinganadditionalvariable
denotingthe cell cycle phase.This variableis forcedto bearootin all the networkslearned.lts
presencallowsto modeldependencof expressiorievelsonthe currentcell cycle phase ?

We usedthe SparseCandidatealgorithmwith a 200-fold bootstrapin the learningprocess.
We performedwo experimentspnewith the discretemultinomialdistribution, the otherwith the
linear Gaussiardistribution. The learnedfeaturesshowv that we canrecover intricate structure
even from suchsmall datasets. It is importantto notethatour learningalgorithmusesno prior
biological knowledgenor constaints All learnednetworksandrelationsarebasedsolely on the
informationcorveyedin the measurementthemseles. Theseresultsareavailableat our WWW
site:http://ww. cs. huji.ac.il/l|abs/conpbi o/ expressi on. Figure2 illustrates
thegraphicaldisplayof someresultsfrom this analysis.

4.1 RobustnessAnalysis

We performeda numberof teststo analyzethe statisticalsignificanceandrobustnes®f our proce-
dure.Someof theseestswerecarriedon thesmaller250genedatasetfor computationafeasons.
To testthe credibility of our confidenceassessmentye createch randomdatasetby randomly
permutingthe orderof the experimentandependentlyor eachgene.Thusfor eachgenethe order
was random,but the compositionof the seriesremainedunchanged.In sucha dataset, genes
areindependentf eachother andthuswe do not expectto find “real” features. As expected,
both orderandMarkov relationsin the randomdatasethave significantlylower confidence.We
comparehedistribution of confidenceestimatedetweerthe original datasetandtherandomized
setin Figure3. Clearly the distribution of confidenceestimatesn the original datasethave a
longerand heavier tail in the high confidenceregion. In the linearGaussiarmodelwe seethat
randomdatadoesnot generateary featurewith confidenceabove 0.3. The multinomialmodelis

2\We notethatwe canlearntemporaimodelsusinga Bayesiametworkthatincludesgeneexpressiorvaluesin two
(or more) consecutie time points (Friedman,Murphy & Russell1998). This raisesthe numberof variablesin the
model.We arecurrentlyperusinghisissue.
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moreexpressve, andthussusceptibléo overfitting. For thismodel,we seeasmallergapbetween
thetwo distributions.Nonethelessandomizedlatadoesnotgenerateary featurewith confidence
above 0.8,whichleadsusto believe thatmostfeatureghatarelearnedn theoriginal datasetwith
suchconfidencearenotanartifactof thebootstrapestimation.

Sincethe analysiswasnot performedon the whole S. cerevisiae genome we alsotestedthe
robustnes®f our analysisto the additionof moregenescomparingthe confidenceof thelearned
featuredbetweerthe800genedataseaindasmaller250genedatasetthatcontainggenesappearing
in eight major clustersdescribedby Spellmanet al.Figure4 comparedeatureconfidencean the
analysisof thetwo dataset$or themultinomialmodel. As we cansee thereis a strongcorrelation
betweerconfidencdevelsof thefeaturedbetweerthetwo datasets.Thecomparisorfor thelinear
Gaussianmodelgivessimilarresults.

A crucialchoicefor themultinomialexperiments thethresholdevel usedfor discretizatiorof
theexpressiorievels. It is clearthatby settinga differentthresholdwe would getdifferentdiscrete
expressionpatterns.Thus,it is importantto testthe robustnessandsensitvity of the high confi-
dencefeaturedo the choiceof this threshold.This wastestedby repeatinghe experimentausing
differentthresholdsAgain, the graphsshawv a definitelineartendeng in the confidencesstimates
of featuresbetweerthe differentdiscretizatiorthresholds.Obviously, this linear correlationgets
weakerfor largerthresholddifferencesWe alsonotethatorderrelationsaremuchmorerobustto
changesn thethresholdthanMarkov relations.

A valid criticism of our discretizatiormethodis thatit penalizeggenesvhosenaturalrangeof
variationis small: sincewe usea fixed threshold we would not detectchangesn suchgenes.A
possibleway to avoid this problemis to normalizethe expressiorof genedn thedata. Thatis, we
rescalethe expressionevel of eachgene,sothattherelative expressionevel hasthe samemean
andvariancefor all genesWe notethatanalysianethodghatusePearsoncorrelationto compare
genessuchas(Ben-Doretal. 1999,Eisenetal. 1998),implicitly performsuchanormalization?
Whenwe discretizea normalizeddatasetwe are essentiallyrescalingthe discretizationfactor
differentlyfor eachgene dependingnits variancen thedata.We tried thisapproacltwith several
discretizatiorlevels,andgot resultscomparableo our original discretizatiormethod.The 20 top
Markov relationshighlightedby this methodwerea bit different,but interestingandbiologically
sensiblen their own right. The orderrelationswereagainmorerobustto the changeof methods
and discretizationthresholds. A possiblereasonis that order relationsdependon the network
structurein a global manney and thus canremainintact even after mary local changedo the
structure. The Markov relation, being a local one, is more easily disrupted. Sincethe graphs
learnedareextremelysparsegachdiscretizatiormethod‘highlights” differentsignalsin the data,
which arereflectedn theMarkov relationslearned.

A similar pictureariseswhenwe compareheresultsof themultinomialexperimento thoseof
thelinearGaussiamxperiment(Figure5b). In thiscasethereis virtually no correlationbetweerthe
Markov relationsfoundby thetwo methodsywhile theorderrelationsshav somecorrelation. This

3An undesiredeffect of sucha normalizationis the amplification of measuremennoise. If a genehasfixed
expressionlevels acrosssampleswe expect the variancein measuredexpressionlevels to be noiseeitherin the
experimentalconditionsor the measurements Whenwe normalizethe expressionlevels of genes,we loosethe
distinctionbetweensuchnoiseandtrue (i.e., significant)changesn expressionlevels. In our experimentswe can
safelyassumaehis effect will not be too grave, sincewe only focuson geneshat display significantchangescross
experiments.
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Table1: List of dominantgenesn the orderingrelations.Includedarethetop 10 dominantgenes
for eachexperiments.

Scorein Experiment

Gene/ORF| Multinomial | Gaussian Notes

MCD1 550 525 Mitotic Chromosomé@eterminant,nulinutantis inviable

MSH6 292 508 Requiredfor mismatchrepairin mitosisandmeiosis

CSlI2 444 497 cell wall maintenanceghitin synthesis

CLN2 497 454 Rolein cell cycle START, null mutantexhibits G1 arrest

YLR183C 551 448 Containdorkheadedassociatedomain thuspossiblynuclear

RFA2 456 423 Involvedin nucleotideexcisionrepair null mutantis inviable

RSR1 352 395 GTP-bindingprotein of the RAS family involvedin bud site
selection

CDC45 - 394 Requiredor initiation of chromosomateplication null mutant
lethal

RAD53 60 383 Cell cycle control,checkpoinfunction,null mutantlethal

CDC5 209 353 Cell cycle control, requiredfor exit from mitosis, null mutant
lethal

POL30 376 321 Required for DNA replication and repair null mutant is
inviable

YOX1 400 291 Homeodomairprotein

SRO4 463 239 Involvedin cellularpolarizationduringbudding

CLN1 324 - Rolein cell cycle START, null mutantexhibits G1 arrest

YBR0O89W 298 -

supportsour assumptiorthat the two methodshighlight differenttypesof connectiondbetween
genes.

In summaryalthoughmary of theresultswe reportbelov (especiallyorderrelations)arestable
acrosghedifferentexperimentdiscussedh the previousparagraphit is clearthatour analysiss
sensitveto thechoiceof localmodel,andin thecaseof themultinomialmodel,to thediscretization
method.In all themethodswe tried, our analysisfoundinterestingelationshipsn thedata. Thus,
onechallengas to find alternatve methodghatcanrecover all theserelationshipsn oneanalysis.
We arecurrentlyworkingon learningwith semi-parametridensitymodelsthatwould circumvent
theneedfor discretizatioron onehand,andallow nonlineardependengcrelationson the other

4.2 Biological Analysis

We believe thatthe resultsof this analysiscanbeindicative of biologicalphenomenan the data.
Thisis confirmedby our ability to predictsensiblaelationsbetweergenesof known function. We
now examineseveral consequencabatwe have learnedfrom the data. We considerin turn, the
orderrelationsandMarkov relationsfoundby our analysis.
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4.2.1 Order Relations

Themoststriking featureof thehigh confidencerderrelations s theexistenceof dominantgenes
Out of all 800genesonly few seemto dominatethe order(i.e., appeabeforemary genes).The
intuition is that thesegenesare indicative of potentialcausalsourcesof the cell-cycle process.
Let C,(X,Y) denotethe confidencen X beingancestoof Y. We definethe dominancescoe
of X asyoy ¢, (x.y)>t Co( X, Y')k, usingthe constant: for rewardinghigh confidenceeaturesand
the threshold: to discardlow confidenceones. Thesedominantgenesare extremely robust to
parameteselectionfor botht, &, thediscretizationcutoff of section3.4 andthe local probability
modelused.A list of thehighestscoringdominatinggenedor bothexperimentsappearsn tablel.

Inspectionof the list of dominantgenegevealsquite a few interestingfeatures. Amongthem
are genesdirectly involved in initiation of the cell-cycle andits control. For example, CLN1,
CLN2, CDC5andRAD53 whosefunctionalrelationhasbeenestablishedCvrckova & Nasmyth
1993, Drebot, Johnston Friesen& Singer1993). The genesMCD1, RFA2, CDC45, RAD53,
CDC5andPOL30werefoundto be essentia{Guacci,Koshland& Strunnikor 1997). Theseare
clearly key genesin essentiakell functions. Someof them are componentof pre-replication
complexes(CDC45,POL30)YOthers(like RFA2,POL30andMSHG6) areinvolvedin DNA repair It
is known thatDNA repairis associatewvith transcriptiorinitiation,andDNA areasvhicharemore
active in transcriptionarealsorepairedmorefrequently(McGregor 1999, Tornaletti& Hanavalt
1999). Furthermoresa cell cycle control mechanisncausesan abortwhenthe DNA hasbeen
improperlyreplicated Eisen& Lucchesil998).

Most of thedominantgenessncodenuclearproteinsandsomeof the unknovn genesarealso
potentiallynuclear:(e.g.,YLR183Ccontainsaforkhead-associatetbmainwhichis foundalmost
entirelyamongnuclearproteins).A few nonnucleardominanigenesarelocalizedin thecytoplasm
membrandSRO4 andRSR1). Theseareinvolvedin the buddingandsporulationprocesswvhich
have animportantrole in the cell-cycle. RSR1belongsto the RAS family of proteins,which are
known asinitiatorsof signaltransductiorcascades thecell.

4.2.2 Mark ov Relations

We begin with ananalysisof theMarkov relationsin themultinomialexperiment.inspectiorof the
top Markov relationsrevealsthatmostarefunctionallyrelated. A list of the top scoringrelations
canbefoundin table2. Amongthese,all involving two known genesmakesensebiologically.
Whenoneof the ORFsis unknavn carefulsearchesisingPsi-Blast(Altschul, Thomas,Schafer,
Zhang,Miller & Lipman 1997), Pfam (SonnhammerEddy, Birney, Bateman& Durbin 1998)
andProtomap(Yona,Linial & Linial 1998)canreveal firm homologiesto proteinsfunctionally
relatedto the othergenein thepair. For exampleYHR143W which s pairedto the endochitinase
CTS1,is relatedto EGT2 - a cell wall maintenancerotein. Several of the unknowvn pairsare
physicallyadjacenton the chromosomeandthus presumablyregulatedby the samemechanism
(see(Blumenthal1998)), althoughspecialcare shouldbe takenfor pairs whosechromosomal
locationoverlapon complementargtrandssincein thesecasesve might seeanartifactresulting
from cross-hybridization. Suchan analysisraisesthe numberof biologically sensiblepairsto
nineteerout of thetwentytop relations.

TherearesomeinterestingVarkov relationsfoundthatarebeyondthelimitationsof clustering
techniquesAmongthehighconfidenceMarkov relations,onecanfind examplesof conditionalin-
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Table2: List of top Markov relations multinomialexperiment.

Confidence| Genel Gene2 Notes

1.0 YKL163W-PIR3 | YKL164C-PIR1| Closelocality onchromosome

0.985 PRY2 YKR012C Closelocality onchromosome

0.985 MCD1 MSH6 Both bindto DNA duringmitosis

0.98 PHO11 PHO12 Both nearlyidenticalacid phosphatases

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,bothinvolvedin
Cytokinesis

0.92 YOR263C YOR264W Closelocality onchromosome

0.91 YGRO086 SIC1 Homologto mammaliamuclearanprotein,bothin-
volvedin nuclearfunction

0.9 FAR1 ASH1 Both part of a mating type switch, expression
uncorrelated

0.89 CLN2 SVS1 Functionof SVS1lunknovn

0.88 YDRO33W NCE2 Homolog to transmembramgroteinssuggestboth
involvedin proteinsecretion

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

dependence.e.,agroupof highly correlatedyenesvhosecorrelationcanbe explainedwithin our
networkstructure.One suchexampleinvolvesthe genesCLN2,RNR3,SVS1,S84 andRAD51.
Theirexpressions correlatedandin (Spellmanetal. 1998)they all appeain the samecluster In
our network CLN2 is with high confidencea parentof eachof the other4 geneswhile no links
arefound betweenthem (seefigure 2). This suitsbiological knowledge: CLN2 is a centraland
early cell cycle control, while thereis no clearbiologicalrelationshipbetweerthe others. Some
of the otherMarkov relationsareinter-cluster pairinggeneswith low correlationin their expres-
sion. Onesuchregulatorylink is FAR1-ASHL1: bothproteinsareknown to participatein a mating
type switch. The correlationof their expressiorpatternds low and(Spellmanretal. 1998)cluster
theminto differentclusters.Whenlooking furtherdown thelist for pairswhoseMarkov relation
confidencas high relative to their correlation,interestingpairs surface.For exampleSAG1 and
MF-ALPHA-1, amatchbetweerthefactorthatinduceshematingprocessandanessentiaprotein
that participatesn the matingprocess.Anothermatchis LAC1 and YNL300W. LAC1lis a GPI
transporgproteinandYNL300W is mostlikely modifiedby GPI (basedn sequencéomology).
The Markov relationsfrom the Gaussiarexperimentare summarizedn table 3. Sincethe
Gaussiarmodelfocuseson highly correlatedgenes,mostof the high scoringgenesare tightly
correlated Whenwe checkedhe DNA sequencef pairsof physicallyadjacengenesatthetop of
Table3, wefoundthatthereis significantoverlap. Thissuggestthatthesecorrelationsarespurious
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Table 3: List of top Markov relations,Gaussiarexperiment. (The table skipsover 5 additional
pairswith which closelocality.)

Confidence| Genel Gene2 Notes

1.0 YOR263C YOR264W Closelocality onchromosome

1.0 CDC46 YORO0O66W YORO066Wis totally unknawn.

1.0 CDC45 SPH1 No suggestiorior immediatdink.

1.0 SHM2 GCV2 SHM2 intercorverts glycine, GCV2 is regulatedby
glycine

1.0 MET3 ECM17 MET3 requiredto corvert sulfateto sulfide,ECM17
sulfitereductase

1.0 YJL194WCDC6 | YJL195C Closelocality onchromosome

1.0 YGR151C YGR152C Closelocality onchromosome

1.0 YGR151C YGR152C-RSR1| Closelocality onchromosome

1.0 STE2 MFA2 A matingfactorandreceptor

1.0 YDL037C YDL039C Both homologgo mucinproteins

1.0 YCLO40W-GLK1 | WCL042C Closelocality onchromosome

1.0 HTA1 HTA2 two physicallylinked histones

0.99 HHF2 HHT2 bothhistones

0.99 YHR143W CTS1 Homologto EGT2cell wall control,bothinvolvedin
Cytokinesis

0.99 ARO9 DIP5 DIP5transportglutamatewhich regulatesARO9

0.975 SRO4 YOLO007C Both proteinsareinvolvedin cell wall regulationat
theplasmamembrane.

anddueto crosshybridization Thus,we ignoretherelationswith the highestscore.However, in
spite of this technicalproblem,few of the pairswith a confidenceof > 0.8 canbe discardedas
biologicallyfalse.

Someof the relationsarerobustandalsoappeaiin the multinomial experiment(e.g. STE2-
MFA2, CST1-YHR143W).Most interestingare the geneslinked throughregulation. Thesein-
clude: SHM2 which convertsglycine that regulatesGCV2 and DIP5 which transportglutamate
which regulatesARO9. Somepairs participatein the samemetabolicprocesssuchas: CTS1-
YHR143andSRO4-YOLO0O07Call which participaten cell wall regulation. Otherinterestinghigh
confidencd> 0.9) examplesare: OLE1-FAA4 linkedthroughfatty acidmetabolismSTE2-AGA2
linkedthroughthe matingprocessandKIP3-MSB1,bothplayingarolein polarity establishment.

5 Discussionand Future Work

In this paperwe presented newv approachHor analyzinggeneexpressiordatathat builds on the
theory and algorithmsfor learningBayesiannetworks. We describedhow to apply thesetech-
niquesto geneexpressiordata. Theapproachbuilds on two techniqueshatweremotivatedby the
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challengegosedby this domain: a novel searchalgorithm (Friedman,Nachman& Pe'er1999)
andanapproacltfor estimatingstatisticalconfidencgFriedmanGoldszmidt& Wyner1999).We
appliedour methodgo real expressiondataof Spellmanet al. (1998). Although, we did not use
ary prior knowledge,we managedo extract mary biologically plausibleconclusionsgrom this
analysis.

Ourapproachs quitedifferentthanthe clusteringapproachusedby (Alon etal. 1999,Ben-Dor
etal. 1999,Eisenetal. 1998,Michaelsetal. 1998,Spellmaretal. 1998),in thatit attemptgo learn
amuchricherstructurdrom thedata.Ourmethodsarecapableof discoreringcausatelationships,
interactiondbetweergeneotherthanpositive correlation andfiner intra-clusterstructure We are
currently developing hybrid approacheshat combineour methodswith clusteringalgorithmsto
learnmodelsover “clustered’genes.

The biological motivation of our approachis similar to work on inducing geneticnetworks
from data(Akutsuetal. 1998,Chenetal. 1999,Somogyiet al. 1996,Wearer etal. 1999). There
aretwo key differencesFirst, the modelswe learnhave probabilisticsemantics.This betterfits
the stochastimatureof both the biological processesand noisy experiments.Second our focus
is on extracting featuresthat are pronouncedn the data,in contrastto currentgeneticnetwork
approachethatattemptto find a singlemodelthatexplainsthedata.

We are currently working on improving methodsfor expressionanalysisby expandingthe
framework describedn this work. Promisingdirectionsfor suchextensionsare: (a) Developing
thetheoryfor learninglocal probabilitymodelsthataresuitablefor thetypeof interactionghatap-
pearin expressiordata;(b) Improving thetheoryandalgorithmsfor estimatingconfidencdevels;
(c) Incorporatingoiologicalknowledge(suchaspossibleregulatoryregions)asprior knowledgeto
theanalysisyd) Improving our searchheuristicsye) Learningtemporalmodels,suchasDynamic
BayesiarNetworkqgFriedmaretal. 1998),from temporalexpressiordata(f) Developingmethods
thatdiscover hiddenvariables(e.gproteinactiation).

Finally, one of the mostexciting longerterm prospectf this line of researchs discoering
causalpatterndrom geneexpressiordata. We planto build on andextendthetheoryfor learning
causalelationsfrom dataandapplyit to geneexpression.Thetheoryof causalnetworksallows
learningboth from obsenational dataand interventionaldata, wherethe experimentintervenes
with somecausalmechanismef the obsered system.In geneexpressiorncontect, we canmodel
knockout/wer-expressednutantsas suchinterventions. Thus,we candesignmethodsthat deal
with mixed forms of datain a principledmanner(See(Cooper& Yoo 1999)for arecentwork in
this direction). In addition, this theorycanprovide tools for experimentaldesign thatis, under
standingwhich interventionsaredeemedmostinformative to determiningthe causalstructurein
theunderlyingsystem.

Acknowledgements

Theauthorsaregratefulto Gill BejeranoHadarBeryamiry, David Engelbeg, MoisesGoldszmidt,
DaphneKoller, MatanNinio, Itzik Pe'er, andGavin Sherlockfor commentson draftsof this paper
andusefuldiscussionselatingto this work. We alsothankMatanNinio for helpin runningand
analyzingtherobustnes®xperiments.

17



References

Akutsu, S., Kuhara,T., Maruyama,O. & Minyano, S. (1998), Identificationof generegulatory
networksby stratgjic genedisruptionsand geneover-expressionsjn "Proc.Ninth Annual
ACM-SIAM Symposiunon DiscreteAlgorithms', ACM-SIAM.

Alon, U., Barkai,N., NottermanD., Gish,K., Ybarra,S.,Mack,D. & Levine,A. J.(1999), Broad
patternf geneexpressiorrevealedby clusteringanalysisof tumorandnormalcolontissues
probedby oligonucleotidearrays',Proc. Nat. Acad.Sci.USA96, 6745—-6750.

Altschul, S., Thomas,L., Schafer, A., Zhang,J. Zhang,Z., Miller, W. & Lipman, D. (1997),
"Gappedblastandpsi-blast:a nev generatiorof proteindatabassearchprograms',Nucleic
AcidsReseath 25.

Ben-Dor,A., Shamir R. & Yakhini, Z. (1999), Clusteringgeneexpressionpatterns',Journal of
ComputationaBiology6, 281-297.

Blumenthal, T. (1998), ‘Geneclustersand polycistronictranscriptionin eukaryotes',Bioessays
pp.480-487.

Buntine, W. (1991), Theory refinementon Bayesiannetworks,in "Proceeding®f the Seventh
AnnualConferencen Uncertaintyin Al (UAI)', pp.52-60.

Chen,T., Filkov, V. & Skiena,S. (1999),ldentifying generegulatorynetworksfrom experimental
data,in "Proc.3'rd Annual InternationalConferenceon ComputationaMolecularBiology
(RECOMB)".

Chickering,D. M. (1995), A transformationatharacterizatiorof equivalent Bayesiannetwork
structuresin "Proc.EleventhConference®n Uncertaintyin Artificial Intelligence(UAI '95)',
pp.87-98.

Chickering,D. M. (1996),LearningBayesiametworkss NP-completein D. Fisher& H.-J.Lenz,
eds, Learningfrom Data: Artificial IntelligenceandStatisticsV', SpringerVerlag.

Cooper G. F. & Herskawits, E. (1992), A Bayesianmethodfor the induction of probabilistic
networksfrom data’', Madiine Learning9, 309-347.

Cooper G. & Yoo, C. (1999), Causaldiscorery from a mixture of experimentaland obsena-
tional data, in "Proc. Fifteenth Conferenceon Uncertaintyin Artificial Intelligence (UAI
'99)", pp.116-125.

Cvrckova, F. & Nasmyth K. (1993), YeastG1 cyclins CLN1 andCLN2 anda GAP-like protein
have arolein budformation',EMBO.J 12, 5277-5286.

DeRisi., J., lyer, V. & Brown, P. (1997), Exploring the metabolicand geneticcontrol of gene
expressioronagenomicscale',Science82 699-705.

18



Drebot, M. A., Johnston,G. C., Friesen,J. D. & Singer R. A. (1993), An impaired RNA
polymerasdl actvity in sactraromycescerevisiae causesell-cycle inhibition at START",
Mol. Gen.Genet.241, 327-334.

Efron,B. & Tibshirani,R. J.(1993),An Introductionto the Bootstap, Chapmar& Hall, London.

Eisen,A. & Lucchesi,J. (1998), Unraveling the role of helicasesn transcription’, Bioessays
20, 634-641.

Eisen M., SpellmanP,, Brown, P. & Botstein,D. (1998), Clusteranalysisanddisplayof genome-
wide expressiorpatterns',Proc. Nat. Acad.Sci.USA95, 14863—-14868.

Friedman,N., Goldszmidt,M. & Wyner, A. (1999), Dataanalysiswith Bayesiannetworks: A
bootstrapapproachin "Proc.FifteenthConferenceon Uncertaintyin Artificial Intelligence
(UAI '99)", pp.206-215.

Friedman,N., Murphy, K. & Russell,S. (1998), Learningthe structureof dynamicprobabilis-
tic networks,in "Proc.FourteenthConferenceon Uncertaintyin Artificial Intelligence(UAI
'98)", pp.139-147.

FriedmanN., Nachman]. & Pe'er, D. (1999),LearningBayesiametworkstructurefrom massve
datasetsThe“sparsecandidate’algorithm,in “Proc.FifteenthConferencen Uncertaintyin
Artificial Intelligence(UAI '99)', pp.196-205.

FriedmanN. & Yakhini, Z. (1996),0n the samplecompleity of learningBayesiametworks,in
"Proc.Twelfth Conferencen Uncertaintyin Artificial Intelligence(UAI '96)', pp.274-282.

Geiger D. & HeckermanD. (1994),LearningGaussiametworks,n "Proc.TenthConferenceon
Uncertaintyin Artificial Intelligence(UAI '94)", pp.235-243.

Guacci,V.,KoshlandD. & Strunnikoy, A. (1997), A directlink betweersisterchromatidcohesion
andchromosomeondensationevealedthroughtheanalysisof MCD1 in s. cervisiag, Cell
91(1), 47-57.

HeckermanD. (1998),A tutorialonlearningwith Bayesiametworksjn M. I. Jordangd., Learn-
ing in GraphicalModels', Kluwer, DordrechtNetherlands.

HeckermanD. & Geiger D. (1995),LearningBayesiametworks:a unificationfor discreteand
Gaussiardomains,in "Proc. Eleventh Conferenceon Uncertaintyin Artificial Intelligence
(UAI '95)", pp.274-284.

HeckermanD., Geiger D. & Chickering,D. M. (1995), LearningBayesiametworks:The com-
binationof knowledgeandstatisticaldata’,Madine Learning20, 197-243.

HeckermanD., Meek,C. & CooperG. (1997),A Bayesiarapproactio causaldiscorery, Techni-
calreport. TechnicalReportMSR-TR-97-05Microsoft Research.

19



lyer, V., Eisen,M., Ross,D., Schuler G., Moore, T., Lee, J., Trent, J., Staudt,L., Hudson,J.,
Boguski,M., Lashkari,D., ShalonD., Botstein,D. & Brown, P. (1999), Thetranscriptional
programin theresponsef humanfibroblaststo serum’,Science283 83-87.

JensenF. V. (1996), An introductionto BayesianNetworks University College London Press,
London.

Lauritzen,S. L. & Wermuth,N. (1989), Graphicalmodelsfor associationbetweenvariables,
someof which arequalitatve andsomequantitatve’, Annalsof Statisticsl7, 31-57.

Lockhart,D. J.,Dong,H., Byrne,M. C., Follettie, M. T., Gallo,M. V., Chee M. S.,Mittmann,M.,
Want,C.,KobayashiM., Horton,H. & Brown, E. L. (1996), DNA expressiormonitoringby
hybridizationof high densityoligonucleotidearrays',Nature Biotedinology14, 1675-1680.

McGreagor, W. G. (1999), DNA repair DNA replication,andUV mutagenesis'). Investig Der-
matol. SympProc. 4, 1-5.

Michaels,G., Carr, D., AskenaziM., FuhrmanS.,Wen, X. & Somogyi,R. (1998),Clusteranaly-
sisanddatavisualizationfor largescalegeneexpressiordata,in "Pac.Symp.Biocomputing’,
pp.42-53.

Pearl,J.(1988),ProbabilisticReasoningn IntelligentSystemdviorganKaufmann SanFrancisco,
Calif.

Pearl,J. & Verma,T. S.(1991),A theoryof inferredcausationin "Principlesof KnowledgeRep-
resentatiormandReasoningProc.SecondnternationalConferenc€KR '91)', pp.441-452.

Somogyi,R., Fuhrman,S., Askenazi,M. & WuenscheA. (1996), The geneexpressionmatrix:
Towardsthe extractionof geneticnetworkarchitecturesin “"The SecondWorld Congresof
NonlinearAnalysts(WCNA)'.

SonnhammerE. L., Eddy, S., Birney, E., Bateman,A. & Durbin, R. (1998), "Pfam: multiple
sequencalignmentandhmm-profilesof proteindomains’,NucleicAcidsReseath 26, 320—
322. http://pfam.wustl.edu/.

Spellman,P, Sherlock,G., Zhang,M., lyer, V., Anders,K., Eisen,M., Brown, P.,, Botstein,D.
& Futcher B. (1998), Comprehensk identificationof cell cycle-regulatedgenesof the
yeastsaccharomyceserevisiaeby microarrayhybridization',MolecularBiologyof theCell
9, 3273-3297.

Spirtes, P, Glymour, C. & ScheinesR. (1993), Causation,prediction, and seach, Springef
Verlag.

Tornaletti, S. & Hanawalt, P. C. (1999), "Effect of DNA lesionson transcriptionelongation’,
Biochimie 81, 139-146.

Weaver, D., Workman,C. & Stormo,G. (1999),Modelingregulatorynetworkswith weightmatri-
ces,in "Pac.Symp.Biocomputing',pp.112-123.

20



Wen, X., Furhmann,S., Micheals,G. S., Carr, D. B., Smith, S., Barker J. L. & Somogyi,R.
(1998), Large-scaleéemporalgeneexpressiomrmappingof centralnenoussystemdevelop-
ment', Proc. Nat. Acad.Sci.USA95, 334-339.

Yona,G., Linial, N. & Linial, M. (1998), Protomap- automateclassificationof all proteinse-
guences:a hierarchyof proteinfamilies, and local mapsof the protein space’, Proteins:
Structue, Function,and Genetics37, 360-378.

21



Figure2: An exampleof the graphicaldisplay of Markov features. This graphshaws a “local
map” for the geneSVS1. The width (and color) of edgescorrespondso the computedconfi-
dencelevel. An edgeis directedif thereis a sufficiently high confidencan the orderbetweerthe
genesonnectedy theedge.Thislocal mapshavsthat CLN2 separateSVS1from several other
genesAlthoughthereis a strongconnectiorbetweenCLN2 to all thesegenesthereareno other
edgesconnectingthem. This indicatesthat, with high confidencethesegenesare conditionally
independengiventheexpressiorievel of CLN2.
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Figure 3: Plotsof abundanceof featureswith differentconfidencdevels for the cell cycle data
set(solid line), and the randomizeddataset (dottedline). The z-axis denotesthe confidence
threshold andthe y-axisdenotegshe numberof featureswith confidencesqualor higherthanthe
corresponding-value. Thegraphson theleft columnshov Markov featuresandthe oneson the
right columnshav Orderfeatures. The top row describedeaturesfound usingthe multinomial
model,andthe bottomrow describedeaturedound by the linearGaussiaimodel. Insetin each

graphis plot of thetail of thedistribution.
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Figure4: Comparisonof confidencdevels obtainedin two datasetsliffering in the numberof
genes,on the multinomial experiment. Eachrelationis shavn asa point, with the z-coordinate
beingits confidencean the the 250 genesdatasetandthe y-coordinatehe confidencean the 800
genegdataset. Theleft figure shavs orderrelationfeaturesandthe right figure shavs Markov
relationfeatures.
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Figure5: Comparisorof of confidencdevelsbetweerthe multinomialexperimentandthelinear
Gaussiamexperiment.Eachrelationis shavn asa point, with the z-coordinateébeingits confidence
in the multinomial experiment,andthe y-coordinatats confidencen the linearGaussiarexper
iment. Theleft figure shavs orderrelationfeaturesandthe right figure shavs Markov relation
features.
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