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Abstract

DNA hybridizationarrayssimultaneouslymeasurethe expressionlevel for thousandsof
genes.Thesemeasurementsprovide a “snapshot”of transcriptionlevels within the cell. A
majorchallengein computationalbiologyis to uncover, fromsuchmeasurements,gene/protein
interactionsandkey biologicalfeaturesof cellularsystems.

In this paper, we proposea new framework for discovering interactionsbetweengenes
basedon multiple expressionmeasurements.This framework builds on the useof Bayesian
networksfor representingstatisticaldependencies.A Bayesiannetworkisagraph-basedmodel
of joint multivariateprobabilitydistributions thatcapturespropertiesof conditionalindepen-
dencebetweenvariables. Suchmodelsare attractive for their ability to describecomplex
stochasticprocesses,and sincethey provide clearmethodologiesfor learningfrom (noisy)
observations.

We start by showing how Bayesiannetworkscan describeinteractionsbetweengenes.
We thendescribea methodfor recoveringgeneinteractionsfrom microarraydatausingtools
for learningBayesiannetworks.Finally, we apply this methodto theS.cerevisiaecell-cycle
measurementsof Spellmanetal. (1998).

�
A preliminaryversionof this work appearedin Proceedingsof the Fourth AnnualInternationalConferenceon

ComputationalMolecularBiology, 2000.Thiswork wassupportedthroughthegenerosityof theMichaelSacherTrust
andIsraeliScienceFoundationequipmentgrant.
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1 Intr oduction

A centralgoal of molecularbiology is to understandthe regulationof proteinsynthesisand its
reactionsto externaland internalsignals. All the cells in an organismcarry the samegenomic
data,yet theirproteinmakeupcanbedrasticallydifferentbothtemporallyandspatially, dueto reg-
ulation. Proteinsynthesisis regulatedby many mechanismsat its differentstages.Theseinclude
mechanismsfor controlling transcriptioninitiation, RNA splicing, mRNA transport,translation
initiation, post-translationalmodifications,anddegradationof mRNA/protein. Oneof the main
junctionsat which regulationoccursis mRNA transcription. A major role in this machineryis
playedby proteinsthemselves,thatbindto regulatoryregionsalongtheDNA, greatlyaffectingthe
transcriptionof thegenesthey regulate.

In recentyears, technicalbreakthroughsin spotting hybridizationprobesand advancesin
genomesequencingefforts lead to developmentof DNA microarrays, which consistof many
speciesof probes,eitheroligonucleotidesor cDNA, that are immobilized in a predefinedorga-
nizationto a solid phase.By usingDNA microarraysresearchersarenow ableto measurethe
abundanceof thousandsof mRNA targetssimultaneously(DeRisi.,Iyer & Brown 1997,Lockhart,
Dong,Byrne,Follettie, Gallo, Chee,Mittmann,Want, Kobayashi,Horton& Brown 1996,Wen,
Furhmann,Micheals,Carr, Smith,Barker& Somogyi1998).Unlike classicalexperiments,where
theexpressionlevelsof only afew geneswerereported,DNA microarrayexperimentscanmeasure
all thegenesof anorganism,providing a “genomic” viewpoint on geneexpression.As a conse-
quence,thistechnologyfacilitatesnew experimentalapproachesfor understandinggeneexpression
andregulation(Iyer, Eisen,Ross,Schuler, Moore,Lee,Trent,Staudt,Hudson,Boguski,Lashkari,
Shalon,Botstein& Brown 1999,Spellman,Sherlock,Zhang,Iyer, Anders,Eisen,Brown,Botstein
& Futcher1998).

Early microarrayexperimentsexaminedfew samples,andmainly focusedon differentialdis-
play acrosstissuesor conditionsof interest. The designof recentexperimentsfocuseson per-
forming a larger numberof microarrayassaysrangingin size from a dozento a few hundreds
of samples.In thenearfuture,datasetscontainingthousandsof sampleswill becomeavailable.
Suchexperimentscollect enormousamountsof data,which clearly reflectmany aspectsof the
underlyingbiologicalprocesses.An importantchallengeis to developmethodologiesthatareboth
statisticallysoundandcomputationallytractablefor analyzingsuchdatasetsandinferringbiolog-
ical interactionsfrom 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 & Botstein1998,Michaels,Carr, Askenazi,Fuhrman,
Wen & Somogyi1998,Spellmanet al. 1998). Suchanalysishasproven to be useful in discov-
ering genesthat areco-regulated. A moreambitiousgoal for analysisis revealingthe structure
of the transcriptionalregulationprocess(Akutsu, Kuhara,Maruyama& Minyano 1998,Chen,
Filkov & Skiena1999,Somogyi,Fuhrman,Askenazi& Wuensche1996,Weaver, Workman&
Stormo1999). This is clearly a hardproblem. The currentdatais extremelynoisy. Moreover,
mRNA expressiondataaloneonly givesa partial picturethatdoesnot reflectkey eventssuchas
translationandprotein(in)activation. Finally, theamountof samples,even in the largestexperi-
mentsin the foreseeablefuture,doesnot provide enoughinformationto constructa full detailed
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Figure1: An exampleof a simpleBayesiannetworkstructure.
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modelwith highstatisticalsignificance.
In thispaper, we introducea new approachfor analyzinggeneexpressionpatterns,thatuncov-

erspropertiesof thetranscriptionalprogramby examiningstatisticalpropertiesof dependenceand
conditionalindependencein thedata.We baseour approachon thewell-studiedstatisticaltool of
Bayesiannetworks(Pearl1988).Thesenetworksrepresentthedependencestructurebetweenmul-
tiple interactingquantities(e.g.,expressionlevelsof differentgenes).Ourapproach,probabilistic
in nature,is capableof handlingnoiseandestimatingtheconfidencein thedifferentfeaturesof the
network.Wearethereforeableto focuson interactionswhosesignalin thedatais strong.

Bayesiannetworksarea promisingtool for analyzinggeneexpressionpatterns. First, they
areparticularlyusefulfor describingprocessescomposedof locally interactingcomponents;that
is, the valueof eachcomponentdirectly dependson the valuesof a relatively small numberof
components.Second,statisticalfoundationsfor learningBayesiannetworksfrom observations,
andcomputationalalgorithmsto do so arewell understoodandhave beenusedsuccessfullyin
many applications. Finally, Bayesiannetworksprovide modelsof causalinfluence: Although
Bayesiannetworksaremathematicallydefinedstrictly in termsof probabilitiesandconditional
independencestatements,aconnectioncanbemadebetweenthischaracterizationandthenotionof
directcausalinfluence. (Heckerman,Meek& Cooper1997,Pearl& Verma1991,Spirtes,Glymour
& Scheines1993).

The remainderof this paperis organizedas follows. In Section2, we review key concepts
of Bayesiannetworks,learningthem from observations,and using them to infer causality. In
Section3, we describehow Bayesiannetworkscanbeappliedto modelinteractionsamonggenes
anddiscussthe technicalissuesthat areposedby this type of data. In Section4, we apply our
approachto the gene-expressiondataof Spellmanet al. (Spellmanet al. 1998), analyzingthe
statisticalsignificanceof the resultsand their biological plausibility. Finally, in Section5, we
concludewith a discussionof relatedapproachesandfuturework.
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2 BayesianNetworks

2.1 RepresentingDistrib utions with BayesianNetworks

Considera finite set + "-,/.(0��2121312�4.�5�6
of randomvariableswhereeachvariable

.�7
may take

on a value 8 7 from the domainVal
�9.�7$�

. In this paper, we usecapital letters,suchas
.*��:;�
<

,
for variablenamesandlowercaseletters 8 ��=>��? to denotespecificvaluestakenby thosevariables.
Setsof variablesaredenotedby boldfacecapitalletters @ �
AB�
C , andassignmentsof valuesto the
variablesin thesesetsaredenotedby boldfacelowercaselettersx

�
y
�
z. Wedenote

�� @ ��A �DC��
to

mean@ is independentof
A

conditionedon
C

.
A Bayesiannetworkis a representationof a joint probabilitydistribution. This representation

consistsof two components.The first component,E , is a directedacyclic graph (DAG) whose
verticescorrespondto the randomvariables

.(0��212121��4.�5
. The secondcomponent,F describesa

conditionaldistribution for eachvariable,givenits parentsin E . Together, thesetwo components
specifya uniquedistributionon

.(03�212121��4.�5
.

Thegraph E representsconditionalindependenceassumptionsthatallow thejoint distribution
to bedecomposed,economizingon thenumberof parameters.Thegraph E encodestheMarkov
Assumption:

(*) Eachvariable
. 7

is independentof its non-descendants,givenits parentsin E .

By applyingthechainrule of probabilitiesandpropertiesof conditionalindependencies,any
joint distributionthatsatisfies(*) canbedecomposedinto theproductform

! �9.(03�212131
�4.�5��;"
5
G7IH>0 ! �9.�7��PaJ �9.�7K�4��� (1)

wherePaJ �K. 7 � is thesetof parentsof
. 7

in E . Figure1 showsanexampleof a graph E , lists the
Markov independenciesit encodes,andtheproductform they imply.

A graph E specifiesa productform as in (1). To fully specifya joint distribution, we also
needto specifyeachof theconditionalprobabilitiesin theproductform. Thesecondpartof the
Bayesiannetworkdescribestheseconditionaldistributions,

! �K.�7��
PaJ �K.�7$�4� for eachvariable

.�7
.

We denotetheparametersthatspecifythesedistributionsby F .
In specifyingtheseconditionaldistributionswecanchoosefrom severalrepresentations.In this

paperwe focuson two of themostcommonlyusedrepresentations.For thefollowing discussion,
supposethat theparentsof a variable

.
are

,�L;0��212121��
L#MN6
. Thechoiceof representationdepends

on thetypeof variableswearedealingwith:

O Discretevariables. If eachof
.

and
L;0��212121��
L#M

takesdiscretevaluesfrom a finite set,then
we canrepresent

! �K. ��LP0Q�2121213�
L#MN�
asa tablethatspecifiestheprobabilityof valuesfor

.
for eachjoint assignmentto

LP0��312121��
L#M
. Thusif, for example,all the variablesarebinary

valued,thetablewill specify R
M

distributions.

This is a generalrepresentationwhich can describeany discreteconditionaldistribution.
Thus,we do not looseexpressivenessby usingthis representation.This flexibility comesat
a price:Thenumberof freeparametersis exponentialin thenumberof parents.
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O Continuous variables. Unlike the caseof discretevariables,whenthe variable
.

andits
parents

L;0��212121��
L#M
arerealvalued,thereis no representationthatcanrepresentall possible

densities.A naturalchoicefor multivariatecontinuousdistributionsis theuseof Gaussian
distributions. Thesecanbe representedin a Bayesiannetworkby using linear Gaussian
conditionaldensities.In this representationtheconditionaldensityof

.
givenits parentsis

givenby: ! �9. �TSU0��2121312��S>MN�;VXWY�$Z�[P\^] 7 ZD7>_/S�7$�Q`bac��1
That is,

.
is normallydistributedarounda meanthatdependslinearly on thevaluesof its

parents.The varianceof this normaldistribution is independentof the parents'values. If
all the variablesin a networkhave linearGaussianconditionaldistributions,thenthe joint
distribution is amultivariateGaussian(Lauritzen& Wermuth1989).

O Hybrid networks. Whenour networkcontainsa mixture of discreteandcontinuousvari-
ables,we needto considerhow to representa conditionaldistribution for a continuousvari-
ablewith discreteparents,andfor a discretevariablewith continuousparents.In this paper,
we disallow the latter case. Whena continuousvariable

.
hasdiscreteparents,we use

conditionalGaussiandistributions(Lauritzen& Wermuth1989)in which for eachjoint as-
signmentto thediscreteparentsof

.
, werepresentalinearGaussiandistributionof

.
given

its continuousparents.

Givena Bayesiannetwork,we might wantto answermany typesof questionsthatinvolve the
joint probability (e.g.,what is the probability of

. " 8 given observation of someof the other
variables?)or independenciesin the domain(e.g., are

.
and

:
independentoncewe observe<

?). The literaturecontainsa suiteof algorithmsthatcananswersuchqueries(see,e.g.(Jensen
1996,Pearl1988)),exploiting the explicit representationof structurein orderto answerqueries
efficiently.

2.2 EquivalenceClassesof BayesianNetworks

A Bayesiannetworkstructure E implies a set of independenceassumptionsin addition to (*).
Let Ind

� E � be the setof independencestatements(of the form
.

is independentof
:

given
C

)
thathold in all distributionssatisfyingtheseMarkov assumptions.Thesecanbederivedasconse-
quencesof (*) (see(Pearl1988)).

More thanonegraphcanimply exactly thesamesetof independencies.For example,consider
graphsover two variables

.
and

:
. Thegraphs

. d :
and

. e :
both imply the sameset

of independencies(i.e., Ind
� E �f"hgi� . Two graphsE and Ekj areequivalentif Ind

� E �f" Ind
� Elj � .

Thatis, bothgraphsarealternativewaysof describingthesamesetof independencies.
Thisnotionof equivalenceis crucial,sincewhenweexamineobservationsfrom adistribution,

we cannotdistinguishbetweenequivalentgraphs.PearlandVerma(1991)show thatwe canchar-
acterizeequivalenceclassesof graphsusinga simplerepresentation.In particular, theseresults
establishthatequivalentgraphshave thesameunderlyingundirectedgraphbut might disagreeon
thedirectionof someof thearcs.
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Theorem2.1 (Pearl & Verma1991)Two DAGsare equivalentif andonly if they havethesame
underlyingundirectedgraph and the samev-structures (i.e. converging directededgesinto the
samenode,such as

Zmd nlepo
).

Moreover, anequivalenceclassof networkstructurescanbeuniquelyrepresentedby apartially
directedgraph(PDAG),whereadirectededge

.qdr:
denotesthatall membersof theequivalence

classcontainthearc
. d :

; anundirectededge
.

—
:

denotesthatsomemembersof theclass
containthe arc

. d :
, while otherscontainthe arc

: d .
. Given a DAG E , the PDAG

representationof its equivalenceclasscanbeconstructedefficiently (Chickering1995).

2.3 Learning BayesianNetworks

Theproblemof learninga Bayesiannetworkcanbestatedasfollows. Givena training set
�q",

x

0 �212131
�
x s 6 of independentinstancesof + , find a network

�p"rt E �
uwv that bestmatches
�

.
Moreprecisely, wesearchfor anequivalenceclassof networksthatbestmatches

�
.

Thetheoryof learningnetworksfrom datahasbeenexaminedextensively over thelastdecade.
We only briefly describethehigh-level detailshere.We refertheinterestedreaderto (Heckerman
1998)for a recenttutorialon thesubject.

The commonapproachto this problemis to introducea statisticallymotivatedscoringfunc-
tion that evaluateseachnetworkwith respectto the training data,andto searchfor the optimal
networkaccordingto this score. Onemethodfor deriving a scoreis basedon Bayesianconsid-
erations(see(Cooper& Herskovits 1992,Heckerman,Geiger& Chickering1995)for complete
description).In thisscore,we evaluatetheposteriorprobabilityof agraphgiventhedata:

S
� Eyx ���p" z|{~} ! � E �����" z|{~} ! ����� E ��\�z|{~} ! � E ��\��

where
�

is aconstantindependentof E and

! �%�-� E ��"�� ! �%�-� E �
uw� ! ��u�� E ���iu
is themarginal likelihood which averagestheprobability of thedataover all possibleparameter
assignmentsto E . The particularchoiceof priors

! � E � and
! ��u � E � for each E determines

theexact Bayesianscore.Undermild assumptionson theprior probabilities,this scoringmetric
is asymptoticallyconsistent:Given a sufficiently large numberof samples,graphstructuresthat
exactly captureall dependenciesin the distribution, will receive, with high probability, a higher
scorethanall othergraphs(seefor example(Friedman& Yakhini1996)).Thismeans,thatgivena
sufficiently largenumberof instances,learningprocedurescanpinpointtheexactnetworkstructure
up to thecorrectequivalenceclass.

In thiswork we usethepriorsdescribedby HeckermanandGeiger(1995)for hybridnetworks
of multinomialdistributionsandconditionalGaussiandistributions. (This prior combinesearlier
worksonpriorsfor multinomialnetworks(Buntine1991,Cooper& Herskovits 1992,Heckerman
et al. 1995) and for Gaussiannetworks(Geiger& Heckerman1994).) We refer the readerto
(Heckerman& Geiger1995)and(Heckerman1998)for detailson thesepriors.For thispaper, we
noteseveralpropertiesof thesepriors thatwill beusedin thediscussionbelow. Theseproperties
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arerelevantwhenwe learnfrom completedata, that is, a datasetin which eachinstancecontains
thevaluesof all thevariablesin thenetwork.In this case,thefollowing propertieshold.

First, thepriorsarestructure equivalent, i.e., if E and E j areequivalentgraphsthey areguar-
anteedto have thesameposteriorscore.Second,thescoreis decomposable. Thatis, thescorecan
berewrittenasthesum

S
� E�x ����"�] 7 ScoreContribution

�9.�7%�
PaJ �9.�7K� x �����

wherethe contribution of every variable
.�7

to the total networkscoredependsonly on its own
valueandthevaluesof its parentsin E . Finally, theselocal contributionsfor eachvariablecanbe
computedusinga closedform equation(again,see(Heckerman& Geiger1995)for details).

Oncetheprior is specifiedandthedatais given, learningamountsto finding the structureE
thatmaximizesthescore.Thisproblemis known to beNP-hard(Chickering1996),thuswe resort
to heuristicsearch.The decompositionof the scoreis crucial for this optimizationproblem. A
local searchprocedurethatchangesonearcat eachmove canefficiently evaluatethegainsmade
by adding,removing or reversinga singlearc. An exampleof sucha procedureis 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.Examplesof othersearchmethodsthatadvanceusing
one-arcchangesincludebeam-search,stochastichill-climbing, andsimulatedannealing.

2.4 Learning CausalPatterns

Recall,aBayesiannetworkisamodelof dependenciesbetweenmultiplemeasurements.However,
we arealsointerestedin modelingthe mechanismthat generatedthesedependencies.Thus,we
want to modeltheflow of causalityin thesystemof interest(e.g.,genetranscription).A causal
networkis a modelof suchcausalprocesses.Having a causalinterpretationfacilitatespredicting
theeffect of an interventionin thedomain:settingthevalueof a variablein sucha way that the
manipulationitself doesnotaffect theothervariables.

While at first glancethereseemsto beno directconnectionbetweenprobabilitydistributions
andcausality, causalinterpretationsfor BayesianNetworkshave beenproposed(Pearl& Verma
1991). A causalnetworkis mathematicallyrepresentedsimilarly to a Bayesiannetwork,a DAG
whereeachnoderepresentsarandomvariablealongwith a localprobabilitymodelfor eachnode.
However, causalnetworkshave a stricterinterpretationof themeaningof edges:theparentsof a
variableareits immediatecauses.

A causalnetworkmodelsnot only thedistribution of theobservations,but alsotheeffectsof
interventions. If

.
causes

:
, thenmanipulatingthe valueof

.
affectsthe valueof

:
. On the

otherhand,if
:

is a causeof
.

, thenmanipulating
.

will not affect
:

. Thus,although
. d :

and
. ep:

areequivalentBayesiannetworks,they arenotequivalentascausalnetworks.In our
biologicaldomainassume

.
is a transcriptionfactorof

:
. If we knockoutgene

.
thenthis will

affect theexpressionof gene
:

, but a knockoutof gene
:

hasno effecton theexpressionof gene.
.

A causalnetworkcanbe interpretedasa Bayesiannetworkwhenwe arewilling to makethe
CausalMarkovAssumption: giventhevaluesof a variable's immediatecauses,it is independent
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of its earliercauses.WhenthecasualMarkov assumptionholds,thecausalnetworksatisfiesthe
Markov independenciesof thecorrespondingBayesiannetwork. For example,this assumptionis
anaturalonein modelsof geneticpedigrees:onceweknow thegeneticmakeupof theindividual's
parents,thegeneticmakeupof herancestorsis not informativeaboutherown geneticmakeup.

The central issueis: When can we learn a causalnetwork from observations? This issue
receivedathoroughtreatmentin theliterature(Heckermanetal.1997,Pearl& Verma1991,Spirtes
etal. 1993).We briefly review therelevantresultsfor ourneedshere.

Firstwe makeanimportantdistinctionbetweenanobservation: a passive measurementof our
domain(i.e., a samplefrom + ) andan intervention: settingthe valuesof somevariablesusing
forcesoutsidethe causalmodel(e.g.,geneknockoutor over-expression).It is well known that
interventionsarean importanttool for inferring causality. What is surprisingis thatsomecausal
relationscanbeinferredfrom observationsalone.

Fromobservationsalone,wecannotdistinguishbetweencausalnetworksthatspecifythesame
independenceassumptions,i.e., belongto the sameequivalenceclass(seesection2.2). When
learninganequivalenceclass(PDAG) from thedata,wecanconcludethatthetruecausalnetwork
is possiblyany oneof thenetworksin thisclass.If adirectedarc

.�dr:
is in thePDAG, thenall

thenetworksin theequivalenceclassagreethat
.

is animmediatecauseof
:

. In suchasituation
we infer thecausaldirectionof theinteractionbetween

.
and

:
.

Thus,if wearewilling toaccepttheCausalMarkov AssumptionandwecanlearnaPDAGfrom
thedata,thenwe canrecover someof thecausaldirections.Moreover, by usingTheorem2.1,we
canpredictwhataspectsof aproposedmodelcanberecoveredbasedonobservationsalone.

Thesituationis morecomplex whenwe havea combinationof observationsandresultsof dif-
ferentinterventions.Fromsuchdatawemightbeableto distinguishbetweenequivalentstructures.
CooperandYoo (1999)show how to developa Bayesianapproachfor learningfrom suchmixed
data.

3 Analyzing ExpressionData

In thissectionwedescribeourapproachto analyzinggeneexpressiondatausingBayesiannetwork
learningtechniques.

First we presentour modelingassumptions.We considerprobability distributions over all
possiblestatesof thesystemin question(acell or anorganismandits environment).We describe
thestateof thesystemusingrandomvariables.Theserandomvariabledenotetheexpressionlevel
of individualgenes.In addition,we canincluderandomvariablesthatdenoteotherattributesthat
affect thesystem,suchasexperimentalconditions,temporalindicators(i.e.,thetime/stagethatthe
samplewastakenfrom), backgroundvariables(e.g.,which clinical procedurewasusedto get a
biopsysample),andexogenouscellularconditions.

We thusattemptto build a modelwhich is a joint distribution over a collectionof random
variables. If we hadsucha model,we could answera wide rangeof queriesaboutthe system.
For example,doestheexpressionlevel of aparticulargenedependon theexperimentalcondition?
Is this dependencedirect,or indirect?If it is indirect,which genesmediatethedependency? Not
having amodelathand,wewantto learnonefrom theavailabledataanduseit to answerquestions
aboutthesystem.

7



In orderto learnsucha modelfrom expressiondata,we needto dealwith several important
issuesthatarisewhenlearningin this domain.Theseinvolve statisticalaspectsof interpretingthe
results,algorithmiccomplexity issuesin learningfrom thedata,andthechoiceof localprobability
models.

Most of thedifficulties in learningfrom expressiondatarevolve aroundthefollowing central
point: Contraryto mostpreviousapplicationsof learningBayesiannetworks,expressiondatain-
volvestranscriptlevelsof thousandsof geneswhile currentdatasetscontainat mosta few dozen
samples.This raisesproblemsin computationalcomplexity andthestatisticalsignificanceof the
resultingnetworks.Onthepositiveside,geneticregulationnetworksaresparse,i.e.,givenagene,
it is assumedthatno morethana few dozengenesdirectly affect its transcription.Bayesiannet-
worksareespeciallysuitedfor learningin suchsparsedomains.

3.1 RepresentingPartial Models

Whenlearningmodelswith many variables,smalldatasetsarenotsufficiently informativeto sig-
nificantlydeterminethatasinglemodelis the“right” one.Instead,many differentnetworksshould
beconsideredasreasonableexplanationsof thegivendata.Froma Bayesianperspective, we say
thattheposteriorprobabilityovermodelsis notdominatedby asinglemodel(or equivalenceclass
of models).

0
Our approachis to analyzethis setof plausible(i.e., high-scoring)networks. Al-

thoughthis setcanbe very large, we might attemptto characterizefeatures that arecommonto
mostof thesenetworks,andfocuson learningthem.

Beforewe examinetheissueof inferring suchfeatures,we briefly discusstwo classesof fea-
turesinvolving pairsof variables.While at this point we handleonly pairwisefeatures,it is clear
thatthis typeof analysisis not restrictedto them,andin thefuturewe areplanningon examining
morecomplex features.

Thefirst typeof featureis Markovrelations: Is
:

in theMarkovblanketof
.

? TheMarkov
blanketof

.
is the minimal setof variablesthat shield

.
from the restof the variablesin the

model.Moreprecisely,
.

givenits Markov blanketis independentfrom theremainingvariablesin
thenetwork.It is easyto checkthatthis relationis symmetric:

:
is in

.
's Markov blanketif and

only if thereiseitheranedgebetweenthem,or bothareparentsof anothervariable(Pearl1988).In
thecontext of geneexpressionanalysis,a Markov relationindicatesthatthetwo genesarerelated
in somejoint biological interactionor process.Note that two variablesin a Markov relationare
directly linked in thesensethatno variablein themodelmediatesthedependencebetweenthem.
It remainspossiblethatanunobservedvariable(e.g.,proteinactivation)is anintermediatein their
interaction.

Thesecondtypeof featuresis order relations: Is
.

anancestorof
:

in all thenetworksof a
givenequivalenceclass?That is, doesthegivenPDAG containa pathfrom

.
to
:

in which all
theedgesaredirected?This typeof featuredoesnot involveonly acloseneighborhood,but rather
capturesa globalproperty. Recallthatundertheassumptionsof Section2.4,learningthat

.
is an

ancestorof
:

would imply that
.

is a causeof
:

. However, theseassumptionsdonotnecessarily
hold in thecontext of expressiondata.Thus,we view sucha relationasanindication,ratherthan
evidence,that

.
mightbeacausalancestorof

:
.�

Thisobservationis notuniqueto Bayesiannetworkmodels.It equallywell appliesto othermodelsthatarelearned
from geneexpressiondata,suchasclusteringmodels.
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3.2 Estimating Statistical Confidencein Features

We now facethefollowing problem:To whatextentdoesthedatasupporta givenfeature?More
precisely, we want to estimatea measureof confidencein the featuresof the learnednetworks,
where“confidence”approximatesthelikelihood thata givenfeatureis actuallytrue(i.e. is based
ona genuinecorrelationandcausation).

An effective,andrelativelysimple,approachfor estimatingconfidenceis thebootstrapmethod(Efron
& Tibshirani1993). Themain ideabehindthebootstrapis simple. We generate“perturbed”ver-
sionsof our original dataset,andlearnfrom them. In this way we collectmany networks,all of
which arefairly reasonablemodelsof thedata.Thesenetworksshow how smallperturbationsto
thedatacanaffectmany of thefeatures.

In ourcontext, weusethebootstrapasfollows:

O For � "y��12131�� (in ourexperiments,weset
��" RT�~� ).

– Re-samplewith replacement
W

instancesfrom
�

. Denoteby
� 7

theresultingdataset.

– Apply thelearningprocedureon
� 7

to induceanetworkstructureE 7 .
O For eachfeature� of interestcalculate

conf
� � �;"

�� �] 7IH�0 � � E 7$�

where� � E � is 1 if � is a featurein E , and0 otherwise.

We refer the readerto (Friedman,Goldszmidt& Wyner1999)for moredetails,aswell aslarge-
scalesimulationexperimentswith this method.Thesesimulationexperimentsshow that features
inducedwith highconfidencearerarelyfalsepositives,evenin caseswherethedatasetsaresmall
comparedto thesystembeinglearned.This bootstrapprocedureappearsespeciallyrobustfor the
Markov andorderfeaturesdescribedin section3.1.

3.3 Efficient Learning Algorithms

In section2.3,we formulatedlearningBayesiannetworkstructureasanoptimizationproblemin
thespaceof directedacyclic graphs.Thenumberof suchgraphsissuper-exponentialin thenumber
of variables.As we considerhundredsof variables,we mustdealwith anextremelylargesearch
space.Therefore,weneedto use(anddevelop)efficientsearchalgorithms.

To facilitateefficientlearning,weneedto beableto focustheattentionof thesearchprocedure
on relevantregionsof thesearchspace,giving riseto theSparseCandidatealgorithm(Friedman,
Nachman& Pe'er1999).Themainideaof this techniqueis thatwecanidentify a relatively small
numberof candidateparentsfor eachgenebasedon simplelocal statistics(suchascorrelation).
We thenrestrictour searchto networksin which only the candidateparentsof a variablecanbe
its parents,resultingin a muchsmallersearchspacein whichwe canhopeto find agoodstructure
quickly.

A possiblepitfall of this approachis thatearlychoicescanresultin anoverly restrictedsearch
space. To avoid this problem,we devisedan iterative algorithmthat adaptsthe candidatesets
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during search. At eachiteration � , for eachvariable
.�7

, the algorithm choosesthe set
� 57 ",T:U0��212121���:>M�6

of variableswhich arethemostpromisingcandidateparentsfor
.�7

. We thensearch
for E 5 , a high scoringnetwork in which PaJ�� �9.�7$�&�p� 57

. (Ideally, we would like to find the
highestscoringnetworkgiventheconstraints,but sincewe areusinga heuristicsearch,we donot
have sucha guarantee.)Thenetworkfoundis thenusedto guidetheselectionof bettercandidate
setsfor thenext iteration.Weensurethatthescoreof E 5 monotonicallyimprovesin eachiteration
by requiringPaJ �c�T� �9.�7K���X�

57
. Thealgorithmcontinuesuntil thereis no changein thecandidate

sets.
We briefly outline our methodfor choosing

� 57
. We assigneachvariable

.��
somescoreof

relevanceto
.�7

, choosingvariableswith thehighestscore. Thequestionis thenhow to measure
the relevanceof potentialparent

.��
to
.�7

. Friedmanet al. (1999) examineseveral measures
of relevance. Basedon their experiments,one of the most successfulmeasuresis simply the
improvementin thescoreof

.�7
if weadd

.��
asanadditionalparent.Moreprecisely, wecalculate

ScoreContribution
�9. 7 �

PaJ �c�T� �9. 7 �b ¡,/. � 6 x ���#¢ ScoreContribution
�9. 7 �

PaJ �c�T� �9. 7 � x ����1
This quantitymeasureshow muchtheinclusionof anedgefrom

.��
to
.�7

canimprove thescore
associatedwith

.�7
. We then choosethe new candidateset to contain the previous parentset

PaJ ���~� �9.�7K� andthevariablesthatseemto bemoreinformativegiventhis setof parents.
We refer the readerto (Friedman,Nachman& Pe'er1999)for moredetailson thealgorithm

andits complexity, aswell asempiricalresultscomparingits performanceto traditionalsearch
techniques.

3.4 Local Probability Models

In orderto specifya Bayesiannetworkmodel,we still needto choosethetypeof thelocal proba-
bility modelswe learn.In thecurrentwork, weconsidertwo approaches:O Multinomial model. In thismodelwetreateachvariableasdiscreteandlearnamultinomial

distribution that describesthe probabilityof eachpossiblestateof thechild variablegiven
thestateof its parents.O Linear Gaussianmodel. In this modelwe learna linear regressionmodel for the child
variablegivenits parents.

Thesemodelswerechosensincetheirposteriorcanbeefficiently calculatedin closedform.
To applythemultinomialmodelweneedto discretizethegeneexpressionvalues.Wechooseto

discretizethesevaluesinto threecategories:under-expressed(
¢��

), normal( � ), andover-expressed�
, dependingon whethertheexpressionrateis significantlylower than,similar to, or greaterthan

control,respectively. Thecontrolexpressionlevel of a genecanbeeitherdeterminedexperimen-
tally (asin themethodsof (DeRisi. et al. 1997)),or it canbesetastheaverageexpressionlevel
of thegeneacrossexperiments.Wediscretizeby settinga thresholdto theratiobetweenmeasured
expressionandcontrol. In ourexperimentswechooseathresholdvalueof � 1¤£ in logarithmic(baseR ) scale.Thus,valueswith ratio to control lower than RD¥

[c¦ §
areconsideredunder-expressed,and

valueshigherthan R
[�¦ §

areconsideredover-expressed.
Eachof thesetwo modelshasbenefitsanddrawbacks. On onehand,it is clearthat by dis-

cretizingthemeasuredexpressionlevelswe areloosinginformation. The linear-Gaussianmodel
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doesnot suffer from theinformationlosscausedby discretization.On theotherhand,the linear-
Gaussianmodelcanonly detectdependenciesthatarecloseto linear. In particular, it is not likely
to discover combinatorialeffects(e.g.,a geneis over expressedonly if several genesarejointly
over expressed,but not if at leastoneof themis not over expressed).Themultinomialmodelis
moreflexible andcancapturesuchdependencies.

4 Application to Cell CycleExpressionPatterns

We appliedour approachto the dataof Spellmanet al. (Spellmanet al. 1998). This data
setcontains76 geneexpressionmeasurementsof the mRNA levels of 6177S.cerevisiaeORFs.
Theseexperimentsmeasuresix time seriesunderdifferentcell cycle synchronizationmethods.
Spellmanet al. (1998)identified800geneswhoseexpressionvariedover thedifferentcell-cycle
stages.

In learningfrom this data,we treateachmeasurementasanindependentsamplefrom a distri-
bution,anddo not takeinto accountthetemporalaspectof themeasurement.Sinceit is clearthat
thecell cycle processis of temporalnature,we compensateby introducinganadditionalvariable
denotingthecell cycle phase.This variableis forcedto bea root in all thenetworkslearned.Its
presenceallowsto modeldependency of expressionlevelson thecurrentcell cyclephase.

a
We usedthe SparseCandidatealgorithmwith a 200-fold bootstrapin the learningprocess.

We performedtwo experiments,onewith thediscretemultinomialdistribution, theotherwith the
linear Gaussiandistribution. The learnedfeaturesshow that we can recover intricatestructure
even from suchsmalldatasets. It is importantto notethatour learningalgorithmusesno prior
biological knowledgenor constraints. All learnednetworksandrelationsarebasedsolelyon the
informationconveyedin themeasurementsthemselves. Theseresultsareavailableat our WWW
site: http://www.cs.huji.ac.il/labs/compbio/expression. Figure2 illustrates
thegraphicaldisplayof someresultsfrom thisanalysis.

4.1 RobustnessAnalysis

Weperformedanumberof teststo analyzethestatisticalsignificanceandrobustnessof ourproce-
dure.Someof thesetestswerecarriedon thesmaller250genedatasetfor computationalreasons.

To testthecredibility of ourconfidenceassessment,wecreatedarandomdatasetby randomly
permutingtheorderof theexperimentsindependentlyfor eachgene.Thusfor eachgenetheorder
wasrandom,but the compositionof the seriesremainedunchanged.In sucha dataset, genes
are independentof eachother, andthuswe do not expect to find “real” features.As expected,
bothorderandMarkov relationsin the randomdatasethave significantlylower confidence.We
comparethedistributionof confidenceestimatesbetweentheoriginaldatasetandtherandomized
set in Figure3. Clearly, the distribution of confidenceestimatesin the original datasethave a
longerandheavier tail in the high confidenceregion. In the linear-Gaussianmodelwe seethat
randomdatadoesnot generateany featurewith confidenceabove 0.3. Themultinomialmodelis¨

WenotethatwecanlearntemporalmodelsusingaBayesiannetworkthatincludesgeneexpressionvaluesin two
(or more)consecutive time points(Friedman,Murphy & Russell1998). This raisesthe numberof variablesin the
model.We arecurrentlyperusingthis issue.
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moreexpressive,andthussusceptibleto over-fitting. For thismodel,weseeasmallergapbetween
thetwo distributions.Nonetheless,randomizeddatadoesnotgenerateany featurewith confidence
above0.8,which leadsusto believe thatmostfeaturesthatarelearnedin theoriginaldatasetwith
suchconfidencearenotanartifactof thebootstrapestimation.

Sincethe analysiswasnot performedon the wholeS.cerevisiaegenome,we alsotestedthe
robustnessof ouranalysisto theadditionof moregenes,comparingtheconfidenceof thelearned
featuresbetweenthe800genedatasetandasmaller250genedatasetthatcontainsgenesappearing
in eight major clustersdescribedby Spellmanet al.Figure4 comparesfeatureconfidencein the
analysisof thetwo datasetsfor themultinomialmodel.As wecansee,thereis astrongcorrelation
betweenconfidencelevelsof thefeaturesbetweenthetwo datasets.Thecomparisonfor thelinear-
Gaussianmodelgivessimilar results.

A crucialchoicefor themultinomialexperimentis thethresholdlevel usedfor discretizationof
theexpressionlevels. It is clearthatby settingadifferentthreshold,wewouldgetdifferentdiscrete
expressionpatterns.Thus,it is importantto testthe robustnessandsensitivity of thehigh confi-
dencefeaturesto thechoiceof this threshold.This wastestedby repeatingtheexperimentsusing
differentthresholds.Again,thegraphsshow a definitelineartendency in theconfidenceestimates
of featuresbetweenthedifferentdiscretizationthresholds.Obviously, this linearcorrelationgets
weakerfor largerthresholddifferences.We alsonotethatorderrelationsaremuchmorerobustto
changesin thethresholdthanMarkov relations.

A valid criticismof ourdiscretizationmethodis thatit penalizesgeneswhosenaturalrangeof
variationis small: sincewe usea fixed threshold,we would not detectchangesin suchgenes.A
possiblewayto avoid this problemis to normalizetheexpressionof genesin thedata.Thatis, we
rescaletheexpressionlevel of eachgene,sothat therelative expressionlevel hasthesamemean
andvariancefor all genes.We notethatanalysismethodsthatusePearsoncorrelation to compare
genes,suchas(Ben-Doretal. 1999,Eisenetal. 1998),implicitly performsuchanormalization.©
When we discretizea normalizeddataset,we areessentiallyrescalingthe discretizationfactor
differentlyfor eachgene,dependingonits variancein thedata.Wetriedthisapproachwith several
discretizationlevels,andgot resultscomparableto our originaldiscretizationmethod.The20 top
Markov relationshighlightedby this methodwerea bit different,but interestingandbiologically
sensiblein their own right. Theorderrelationswereagainmorerobustto thechangeof methods
and discretizationthresholds. A possiblereasonis that order relationsdependon the network
structurein a global manner, and thus can remainintact even after many local changesto the
structure. The Markov relation, being a local one, is more easily disrupted. Sincethe graphs
learnedareextremelysparse,eachdiscretizationmethod“highlights” differentsignalsin thedata,
whicharereflectedin theMarkov relationslearned.

A similarpictureariseswhenwecomparetheresultsof themultinomialexperimentto thoseof
thelinear-Gaussianexperiment(Figure5). In thiscasethereis virtually nocorrelationbetweenthe
Markov relationsfoundby thetwo methods,while theorderrelationsshow somecorrelation.Thisª

An undesiredeffect of sucha normalizationis the amplificationof measurementnoise. If a genehasfixed
expressionlevels acrosssamples,we expect the variancein measuredexpressionlevels to be noiseeither in the
experimentalconditionsor the measurements. When we normalizethe expressionlevels of genes,we loosethe
distinctionbetweensuchnoiseandtrue (i.e., significant)changesin expressionlevels. In our experiments,we can
safelyassumethis effect will not be too grave, sincewe only focuson genesthatdisplaysignificantchangesacross
experiments.
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Table1: List of dominantgenesin theorderingrelations.Includedarethetop10 dominantgenes
for eachexperiments.

Scorein Experiment
Gene/ORF Multinomial Gaussian Notes
MCD1 550 525 Mitotic ChromosomeDeterminant,nullmutantis inviable
MSH6 292 508 Requiredfor mismatchrepairin mitosisandmeiosis
CSI2 444 497 cell wall maintenance,chitin synthesis
CLN2 497 454 Rolein cell cycle START, null mutantexhibitsG1arrest
YLR183C 551 448 Containsforkheadedassociateddomain,thuspossiblynuclear
RFA2 456 423 Involvedin nucleotideexcisionrepair, null mutantis inviable
RSR1 352 395 GTP-bindingproteinof the RAS family involved in bud site

selection
CDC45 - 394 Requiredfor initiation of chromosomalreplication,null mutant

lethal
RAD53 60 383 Cell cycle control,checkpointfunction,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 Homeodomainprotein
SRO4 463 239 Involvedin cellularpolarizationduringbudding
CLN1 324 - Rolein cell cycle START, null mutantexhibitsG1arrest
YBR089W 298 -

supportsour assumptionthat the two methodshighlight differenttypesof connectionsbetween
genes.

In summary, althoughmany of theresultswereportbelow (especiallyorderrelations)arestable
acrossthedifferentexperimentsdiscussedin thepreviousparagraph,it is clearthatouranalysisis
sensitiveto thechoiceof localmodel,andin thecaseof themultinomialmodel,to thediscretization
method.In all themethodswe tried,ouranalysisfoundinterestingrelationshipsin thedata.Thus,
onechallengeis to find alternativemethodsthatcanrecoverall theserelationshipsin oneanalysis.
Wearecurrentlyworkingon learningwith semi-parametricdensitymodelsthatwouldcircumvent
theneedfor discretizationononehand,andallow nonlineardependency relationson theother.

4.2 Biological Analysis

We believe that theresultsof this analysiscanbeindicative of biologicalphenomenain thedata.
This is confirmedby ourability to predictsensiblerelationsbetweengenesof known function.We
now examineseveral consequencesthatwe have learnedfrom thedata.We consider, in turn, the
orderrelationsandMarkov relationsfoundby ouranalysis.
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4.2.1 Order Relations

Themoststrikingfeatureof thehighconfidenceorderrelations,is theexistenceof dominantgenes.
Out of all 800genesonly few seemto dominatetheorder(i.e., appearbeforemany genes).The
intuition is that thesegenesare indicative of potentialcausalsourcesof the cell-cycle process.
Let

��«
�K.¡��:��
denotethe confidencein

.
beingancestorof

:
. We definethe dominancescore

of
.

as ¬®~¯ °�±%²´³�¯ ¶µ¸·�¹ ��«��9.*��:��
M �

usingtheconstantº for rewardinghigh confidencefeaturesand
the threshold» to discardlow confidenceones. Thesedominantgenesareextremely robust to
parameterselectionfor both » , º , thediscretizationcutoff of section3.4andthelocal probability
modelused.A list of thehighestscoringdominatinggenesfor bothexperimentsappearsin table1.

Inspectionof the list of dominantgenesrevealsquitea few interestingfeatures.Amongthem
are genesdirectly involved in initiation of the cell-cycle and its control. For example,CLN1,
CLN2, CDC5andRAD53 whosefunctionalrelationhasbeenestablished(Cvrckova & Nasmyth
1993,Drebot, Johnston,Friesen& Singer1993). The genesMCD1, RFA2, CDC45, RAD53,
CDC5andPOL30werefoundto beessential(Guacci,Koshland& Strunnikov 1997). Theseare
clearly key genesin essentialcell functions. Someof themare componentsof pre-replication
complexes(CDC45,POL30).Others(like RFA2,POL30andMSH6)areinvolvedin DNA repair. It
is knownthatDNA repairisassociatedwith transcriptioninitiation,andDNA areaswhicharemore
active in transcription,arealsorepairedmorefrequently(McGregor 1999,Tornaletti& Hanawalt
1999). Furthermore,a cell cycle control mechanismcausesan abort when the DNA hasbeen
improperlyreplicated(Eisen& Lucchesi1998).

Mostof thedominantgenesencodenuclearproteins,andsomeof theunknown genesarealso
potentiallynuclear:(e.g.,YLR183Ccontainsa forkhead-associateddomainwhichis foundalmost
entirelyamongnuclearproteins).A few nonnucleardominantgenesarelocalizedin thecytoplasm
membrane(SRO4 andRSR1). Theseareinvolved in thebuddingandsporulationprocesswhich
have animportantrole in thecell-cycle. RSR1belongsto theRAS family of proteins,which are
known asinitiatorsof signaltransductioncascadesin thecell.

4.2.2 Mark ov Relations

Webegin with ananalysisof theMarkov relationsin themultinomialexperiment.Inspectionof the
top Markov relationsrevealsthatmostarefunctionallyrelated.A list of thetop scoringrelations
canbe found in table2. Among these,all involving two known genesmakesensebiologically.
Whenoneof theORFsis unknown carefulsearchesusingPsi-Blast(Altschul,Thomas,Schaffer,
Zhang,Miller & Lipman 1997), Pfam (Sonnhammer, Eddy, Birney, Bateman& Durbin 1998)
andProtomap(Yona,Linial & Linial 1998)canreveal firm homologiesto proteinsfunctionally
relatedto theothergenein thepair. For exampleYHR143W, which is pairedto theendochitinase
CTS1, is relatedto EGT2 - a cell wall maintenanceprotein. Several of the unknown pairsare
physicallyadjacenton thechromosome,andthuspresumablyregulatedby thesamemechanism
(see(Blumenthal1998)), althoughspecialcareshouldbe takenfor pairs whosechromosomal
locationoverlapon complementarystrands,sincein thesecaseswe mightseeanartifactresulting
from cross-hybridization.Suchan analysisraisesthe numberof biologically sensiblepairs to
nineteenoutof thetwentytop relations.

TherearesomeinterestingMarkov relationsfoundthatarebeyondthelimitationsof clustering
techniques.AmongthehighconfidenceMarkov relations,onecanfind examplesof conditionalin-
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Table2: List of topMarkov relations,multinomialexperiment.

Confidence Gene1 Gene2 Notes
1.0 YKL163W-PIR3 YKL164C-PIR1 Closelocality onchromosome
0.985 PRY2 YKR012C Closelocality onchromosome
0.985 MCD1 MSH6 Bothbind to DNA duringmitosis
0.98 PHO11 PHO12 Bothnearlyidenticalacidphosphatases
0.975 HHT1 HTB1 BothareHistones
0.97 HTB2 HTA1 BothareHistones
0.94 YNL057W YNL058C Closelocality onchromosome
0.94 YHR143W CTS1 Homologto EGT2cell wall control,bothinvolvedin

Cytokinesis
0.92 YOR263C YOR264W Closelocality onchromosome
0.91 YGR086 SIC1 Homologto mammaliannuclearranprotein,bothin-

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

uncorrelated
0.89 CLN2 SVS1 Functionof SVS1unknown
0.88 YDR033W NCE2 Homolog to transmembrameproteinssuggestboth

involvedin proteinsecretion
0.86 STE2 MFA2 A matingfactorandreceptor
0.85 HHF1 HHF2 BothareHistones
0.85 MET10 ECM17 Botharesulfitereductases
0.85 CDC9 RAD27 Bothparticipatein Okazakifragmentprocessing

dependence,i.e.,agroupof highly correlatedgeneswhosecorrelationcanbeexplainedwithin our
networkstructure.OnesuchexampleinvolvesthegenesCLN2,RNR3,SVS1,SRO4 andRAD51.
Theirexpressionis correlated,andin (Spellmanetal. 1998)they all appearin thesamecluster. In
our networkCLN2 is with high confidencea parentof eachof the other4 genes,while no links
arefoundbetweenthem(seefigure2). This suitsbiological knowledge: CLN2 is a centraland
earlycell cycle control,while thereis no clearbiological relationshipbetweentheothers.Some
of theotherMarkov relationsareinter-cluster, pairinggeneswith low correlationin their expres-
sion.Onesuchregulatorylink is FAR1-ASH1: bothproteinsareknown to participatein a mating
typeswitch. Thecorrelationof their expressionpatternsis low and(Spellmanet al. 1998)cluster
theminto differentclusters.Whenlooking furtherdown thelist for pairswhoseMarkov relation
confidenceis high relative to their correlation,interestingpairssurface.For exampleSAG1 and
MF-ALPHA-1, amatchbetweenthefactorthatinducesthematingprocessandanessentialprotein
thatparticipatesin thematingprocess.Anothermatchis LAC1 andYNL300W. LAC1 is a GPI
transportproteinandYNL300W is mostlikely modifiedby GPI (basedonsequencehomology).

The Markov relationsfrom the Gaussianexperimentare summarizedin table3. Sincethe
Gaussianmodel focuseson highly correlatedgenes,mostof the high scoringgenesare tightly
correlated.WhenwecheckedtheDNA sequenceof pairsof physicallyadjacentgenesat thetopof
Table3,wefoundthatthereissignificantoverlap.Thissuggeststhatthesecorrelationsarespurious
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Table3: List of top Markov relations,Gaussianexperiment. (The tableskipsover 5 additional
pairswith which closelocality.)

Confidence Gene1 Gene2 Notes
1.0 YOR263C YOR264W Closelocality onchromosome
1.0 CDC46 YOR066W YOR066Wis totally unknown.
1.0 CDC45 SPH1 No suggestionfor immediatelink.
1.0 SHM2 GCV2 SHM2 interconvertsglycine, GCV2 is regulatedby

glycine
1.0 MET3 ECM17 MET3 requiredto convert sulfateto sulfide,ECM17

sulfitereductase
1.0 YJL194W-CDC6 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 Bothhomologsto mucinproteins
1.0 YCL040W-GLK1 WCL042C Closelocality onchromosome
1.0 HTA1 HTA2 two physicallylinkedhistones
. . .
0.99 HHF2 HHT2 bothhistones
0.99 YHR143W CTS1 Homologto EGT2cell wall control,bothinvolvedin

Cytokinesis
0.99 ARO9 DIP5 DIP5transportsglutamatewhichregulatesARO9
0.975 SRO4 YOL007C Both proteinsare involved in cell wall regulationat

theplasmamembrane.

anddueto crosshybridization. Thus,we ignoretherelationswith thehighestscore.However, in
spiteof this technicalproblem,few of the pairswith a confidenceof ¼½� 1¤¾ canbe discardedas
biologically false.

Someof the relationsarerobustandalsoappearin the multinomial experiment(e.g. STE2-
MFA2, CST1-YHR143W).Most interestingarethe geneslinked throughregulation. Thesein-
clude: SHM2 which convertsglycinethat regulatesGCV2 andDIP5 which transportsglutamate
which regulatesARO9. Somepairsparticipatein the samemetabolicprocess,suchas: CTS1-
YHR143andSRO4-YOL007Call whichparticipatein cell wall regulation.Otherinterestinghigh
confidence( ¼¿� 1´À ) examplesare:OLE1-FAA4 linkedthroughfattyacidmetabolism,STE2-AGA2
linkedthroughthematingprocessandKIP3-MSB1,bothplayinga role in polarityestablishment.

5 Discussionand Futur eWork

In this paperwe presenteda new approachfor analyzinggeneexpressiondatathatbuilds on the
theoryandalgorithmsfor learningBayesiannetworks. We describedhow to apply thesetech-
niquesto geneexpressiondata.Theapproachbuildson two techniquesthatweremotivatedby the
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challengesposedby this domain: a novel searchalgorithm(Friedman,Nachman& Pe'er1999)
andanapproachfor estimatingstatisticalconfidence(Friedman,Goldszmidt& Wyner1999).We
appliedour methodsto realexpressiondataof Spellmanet al. (1998). Although,we did not use
any prior knowledge,we managedto extract many biologically plausibleconclusionsfrom this
analysis.

Ourapproachisquitedifferentthantheclusteringapproachusedby (Alon etal.1999,Ben-Dor
etal.1999,Eisenetal. 1998,Michaelsetal.1998,Spellmanetal.1998),in thatit attemptsto learn
amuchricherstructurefrom thedata.Ourmethodsarecapableof discoveringcausalrelationships,
interactionsbetweengenesotherthanpositivecorrelation,andfiner intra-clusterstructure.Weare
currentlydevelopinghybrid approachesthat combineour methodswith clusteringalgorithmsto
learnmodelsover “clustered”genes.

The biological motivation of our approachis similar to work on inducinggeneticnetworks
from data(Akutsuet al. 1998,Chenet al. 1999,Somogyiet al. 1996,Weaver et al. 1999). There
aretwo key differences:First, themodelswe learnhave probabilisticsemantics.This betterfits
the stochasticnatureof both the biologicalprocessesandnoisy experiments.Second,our focus
is on extracting featuresthat arepronouncedin the data,in contrastto currentgeneticnetwork
approachesthatattemptto find asinglemodelthatexplainsthedata.

We are currently working on improving methodsfor expressionanalysisby expandingthe
framework describedin this work. Promisingdirectionsfor suchextensionsare: (a) Developing
thetheoryfor learninglocalprobabilitymodelsthataresuitablefor thetypeof interactionsthatap-
pearin expressiondata;(b) Improving thetheoryandalgorithmsfor estimatingconfidencelevels;
(c) Incorporatingbiologicalknowledge(suchaspossibleregulatoryregions)asprior knowledgeto
theanalysis;(d) Improving our searchheuristics;(e)Learningtemporalmodels,suchasDynamic
BayesianNetworks(Friedmanetal. 1998),from temporalexpressiondata(f) Developingmethods
thatdiscover hiddenvariables(e.gproteinactivation).

Finally, oneof themostexciting longerterm prospectsof this line of researchis discovering
causalpatternsfrom geneexpressiondata.We planto build on andextendthetheoryfor learning
causalrelationsfrom dataandapply it to geneexpression.Thetheoryof causalnetworksallows
learningboth from observationaldataand interventionaldata,wherethe experimentintervenes
with somecausalmechanismsof theobservedsystem.In geneexpressioncontext, we canmodel
knockout/over-expressedmutantsassuchinterventions. Thus,we candesignmethodsthat deal
with mixedformsof datain a principledmanner(See(Cooper& Yoo 1999)for a recentwork in
this direction). In addition,this theorycanprovide tools for experimentaldesign, that is, under-
standingwhich interventionsaredeemedmostinformative to determiningthecausalstructurein
theunderlyingsystem.
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Figure2: An exampleof the graphicaldisplayof Markov features.This graphshows a “local
map” for the geneSVS1. The width (andcolor) of edgescorrespondsto the computedconfi-
dencelevel. An edgeis directedif thereis a sufficiently high confidencein theorderbetweenthe
genesconnectedby theedge.This localmapshowsthatCLN2 separatesSVS1from severalother
genes.Althoughthereis a strongconnectionbetweenCLN2 to all thesegenes,thereareno other
edgesconnectingthem. This indicatesthat,with high confidence,thesegenesareconditionally
independentgiventheexpressionlevel of CLN2.
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Figure3: Plotsof abundanceof featureswith differentconfidencelevels for the cell cycle data
set (solid line), and the randomizeddataset (dottedline). The 8 -axis denotesthe confidence
threshold,andthe

=
-axisdenotesthenumberof featureswith confidenceequalor higherthanthe

corresponding8 -value.Thegraphson theleft columnshow Markov features,andtheoneson the
right columnshow Orderfeatures.The top row describesfeaturesfoundusingthe multinomial
model,andthebottomrow describesfeaturesfoundby the linear-Gaussianmodel. Insetin each
graphis plot of thetail of thedistribution.
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Figure4: Comparisonof confidencelevels obtainedin two datasetsdiffering in the numberof
genes,on the multinomial experiment. Eachrelationis shown asa point, with the 8 -coordinate
beingits confidencein the the250genesdatasetandthe

=
-coordinatetheconfidencein the800

genesdataset. The left figureshows orderrelationfeatures,andthe right figureshows Markov
relationfeatures.
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Figure5: Comparisonof of confidencelevelsbetweenthemultinomialexperimentandthelinear-
Gaussianexperiment.Eachrelationis shown asapoint,with the 8 -coordinatebeingits confidence
in the multinomialexperiment,andthe

=
-coordinateits confidencein the linear-Gaussianexper-

iment. The left figureshows orderrelationfeatures,andthe right figure shows Markov relation
features.
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