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Abstract

DNA hybridizationarrayssimultaneouslyneasurehe expression
level for thousandef genesThesemeasuremenizrovidea“snap-
shot” of transcriptionlevels within the cell. A major challenge
in computationabiology is to uncover, from suchmeasurements,
gene/proteiinteractionsandkey biologicalfeaturesf cellularsys-
tems.

In this paperwe proposea new framework for discoveringin-
teractionsbetweengenesbasedon multiple expressionmeasure-
ments. This framewvork builds on the use of Bayesiannetworks
for representingtatisticaldependenciesA Bayesiametworkis a
graph-basednodel of joint multi-variate probability distributions
thatcapturegropertieof conditionalindependenebetweervari-
ables.Suchmodelsareattractve for their ability to describecom-
plex stochastigprocessesand for providing clear methodologies
for learningfrom (noisy)obsenations.

We startby shoving how Bayesiametworkscan describein-
teractionsbetweengenes. We then presentan efficient algorithm
capableof learningsuchnetworksand a statisticalmethodto as-
sesur confidencen theirfeaturesFinally, we applythis method
to the S.cerevisiaecell-oycle measurementsf Spellmaretal. [35]
to uncoverbiologicalfeatures.

1 Introduction

A centralgoalof molecularbiologyis to understandheregulation
of proteinsynthesisandits reactionsto externaland internalsig-
nals. All the cellsin an organismcarry the samegenomicdata,
but their proteinmakeupcan be drasticallydifferentboth tempo-
rally and spatially due to regulation. Proteinsynthesisis regu-
lated by mary mechanismst its differentlevels. Theseinclude
mechanisméor controllingtranscriptioninitiation, RNA splicing,
MRNA transporttranslationnitiation, post-translationahodifica-
tions,anddegradatiorof mRNA/protein. Oneof themainjunctions
atwhich regulationoccursis mRNA transcription A majorrolein
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this machineryis playedby proteinsthemseles,thatbind to regu-
latory regionsalongthe DNA, greatlyaffectingthetranscriptionof
thegeneghey regulate.

In recentyears,technicalbreakthrough# spottinghybridiza-
tion probesandadvancesn genomesequencingfforts leadto de-
velopmentof DNA microarrays which consistof mary specief
probesegitheroligonucleotide®r cDNA, thatareimmobilizedin a
predefinedrganizationto a solid phase.By usingDNA microar
raysresearcherare now ableto measurehe abundanceof thou-
sandsof mMRNA tamgetssimultaneously12, 27, 39]. Unlike clas-
sical experimentswherethe expressiorlevels of only afew genes
werereported, DNA microarrayexperimentscanmeasurell the
genesof an organism,providing a “genomic” viewpoint on gene
expression.As a consequencehis technologyfacilitatesnew ex-
perimentalapproachefor understandingeneexpressiorandreg-
ulation[24, 35].

Earlymicroarrayexperimentexaminediew samplesandmainly
focusedon differential display acrosstissuesor conditionsof in-
terest. The designof recentexperimentsfocuseson performinga
larger numberof microarrayexperimentsrangingin size from a
dozento a few hundredsf samples.In the nearfuture, datasets
containingthousand®f sampleswill becomeavailable. Suchex-
perimentscollectenormousamountsof data,which clearlyreflect
mary aspectof the underlyingbiological processes An impor
tant challengeis to develop methodologieghat are both statisti-
cally soundand computationallytractablefor analyzingsuchdata
setsandinferring biologicalinteractiondrom them.

Most of the analysistools currently usedare basedon clus-
tering algorithms. Thesealgorithmsattemptto locate groupsof
genesthat have similar expressionpatternsover a setof experi-
ments[2, 4, 15, 29, 35]. Suchanalysishasprovento be usefulin
discoveringgeneghatareco-regulated.A moreambitiousgoalfor
analysisis revealingthe structureof the transcriptionakegulation
procesd1, 6, 33, 38]. Thisis clearlyahardproblem.The current
datais extremelynoisy. Moreover, mRNA expressiondataalone
only givesa partialpicturethatdoesnot reflectkey eventssuchas
translationandprotein(in)activation. Finally, the amountof sam-
ples,evenin thelargestexperimentsn theforeseeabléuture,does
not provide enoughinformationto constructa full detailedmodel
with high statisticalsignificance.

In this paper we introducea new approactfor analyzinggene
expressiorpatternsthat uncoverspropertiesof the transcriptional
programby examiningstatisticalpropertieof dependencandcon-
ditional independenein the data. We baseour approachon the
well-studiedstatisticaltool of Bayesiametworkg31]. Thesenet-
works representhe dependene structurebetweenmultiple inter
actingquantities(e.g., expressionlevels of differentgenes).Our
approachprobabilisticin nature,is capableof handlingnoiseand
estimatingthe confidencean the differentfeaturesof the network.



We arethereforeableto focuson interactionavhosesignalin the
datais strong.

Bayesiametworksarea promisingtool for analyzinggeneex-
pressionpatterns.First, they areparticularlyusefulfor describing
processesomposedf locally interactingcomponentsthatis, the
valueof eachcomponentirectly depend®n the valuesof arela-
tively smallnumberof componentsSecondstatisticafoundations
for learningBayesiannetworksfrom obsenations,and computa-
tional algorithmsto do soarewell understoogndhave beenused
successfullyn mary applications Finally, Bayesiametworkspro-
vide modelsof causainfluence: Although Bayesiametworksare
mathematicallydefinedstrictly in termsof probabilitiesand con-
ditional independencestatementsa connectioncan be madebe-
tweenthis characterizatiorand the notion of direct causalinflu-
ence[22, 32, 36).

The remainderof this paperis organizedasfollows. In Sec-
tion 2, we review key conceptsof Bayesiannetworks,learning
themfrom obsenations,andusingthemto infer causality In Sec-
tion 3, wedescribehow Bayesiametworkscanbeappliedto model
interactionsamonggenesanddiscussthe technicalissueghat are
posedby this type of data. In Section4, we apply our approach
to the gene-gpressiordataof Spellmanet al. [35], analyzingthe
statisticalsignificanceof the resultsandtheir biological plausibil-
ity. Finally, in Section5, we concludewith a discussiorof related
approacheandfuturework.

2 Bayesian Networks

2.1 Representing Distributions with Bayesian Networks

Considera finite setX = {X1,...,X,} of randomvariables
whereeachvariable X; may takeon a valuexz; from the domain
Val(X;). In thispaperwe focusonfinite domainsthoughmuchof

thefollowing holdsfor infinite domainssuchascontinuoussalued
randomvariables We usecapitalletters,suchas X, Y, Z, for vari-

ablenamesandlowercasdettersz, y, z to denotespecificvalues
takenby thosevariables.Setsof variablesaredenotedby boldface
capitalletters X, Y, Z, andassignmentsf valuesto thevariables
in thesesetsaredenotedby boldfacelowercasdettersx,y, z. We

denotel (X;Y | Z) to meanX is independentf Y conditioned
onZz.

A Bayesiannetworkis a representatiomf a joint probability
distribution. This representationonsistof two componentsThe
first component(, is a directedagyclic graphwhoseverticescor
respondto the randomvariablesX,, ..., X,. The secondcom-
ponentdescribes conditionaldistribution for eachvariable,given
its parentdn G. Togetherthesetwo componentspecifya unique
distributionon X, ..., X,.

ThegraphG representsonditionalindependencassumptions
that allow the joint distribution to be decomposedeconomizing
on the numberof parameters.The graphG encodeghe Markov
Assumption

(*) EachvariableX; is independenof its non-descendas, given
its parentsn G.

By applyingthe chainrule of probabilitiesand propertiesof
conditionalindependenciesry joint distribution that satisfieq*)
canbedecomposeih the productform

P(X1,..., Xn) = [ P(X:IPa(X3)),
i=1
wherePa( X;) is the setof parentf X; in G. Figurel shavsan

exampleof agraphG, lists the Markov independencieis encodes,
andthe productform they imply.

To specifyajoint distribution, we alsoneedto specifythe con-
ditional probabilitiesthat appearin the productform. Thisis the
seconccomponentf the networkrepresentationT his component
describedistributions P(z;|pa(X;)) for eachpossiblevalue z;
of X;, andpa(X;) of Pa(X;). In the caseof finite valuedvari-
ables,we canrepresentheseconditional distributions as tables.
Generally Bayesiannetworksare flexible and can accommodate
mary formsof conditionaldistribution, including variouscontinu-
ousmodels.

Given a Bayesiannetwork, we might want to answermary
typesof questionghat involve the joint probability (e.g.,whatis
the probability of X = z given obsenationof someof the other
variables?) or independencies the domain(e.g.,are X andY
independenbncewe obsere Z?). The literaturecontainsa suite
of algorithmsthatcananswersuchqueries(e.g.,see[25, 31]), ex-
ploiting the explicit representationf structurein orderto answer
queriesefficiently.

2.2 Equivalence Classes of Bayesian Networks

A BayesiametworkstructureG implies a setof independencas-
sumptionsn additionto (*). Let Ind(G) bethesetof independence
statementgof theform X is independentf Y given Z) thathold
in all distributionssatisfyingtheseMarkov assumptionsThesecan
be derivedasconsequenesof (*).

More thanone graphcanimply exactly the samesetof inde-
pendencies.For example,considergraphsover two variablesX
andY. ThegraphsX — Y andX « Y bothimply the sameset
of independencief.e., Ind(G) = 0). We saythattwo graphsG
andG’ areequivalentf Ind(G) = Ind(G").

This notion of equivalenceis crucial, sincewhenwe examine
obsenationsfrom a distribution, we cannotdistinguishbetween
equivalentgraphs Resultf [7, 32] show thatwe cancharacterize
equivalencelasse®f graphausinga simplerepresentatiorin par
ticular, theseresultsestablistthatequivalentgraphshave the same
underlyingundirectedgraphbut might disagreeon thedirectionof
someof thearcs.

Theorem?2.1 [32] Two graphsare equivalentf andonly if their
DAGshavethe sameunderlyingundirectedgraphandthe samev-
structures(i.e. corverging directededgesnto the samenode suc
asa — b« ¢).

Moreover, an equivalenceclassof network structurescan be
uniquelyrepresentetly a partially directedgraph (PDAG), where
a directededgeX — Y denoteshat all membersof the equiv-
alenceclasscontainthearc X — Y; anundirectededgeX —Y
denoteghatsomememberof the classcontainthearc X — Y,
while otherscontainthearcY — X. Givena directedgraphG,
thePDAG representationf its equivalenceclasscanbeconstructed
efficiently [7].

2.3 Learning Bayesian Networks

The problemof learninga Bayesiametworkcan be statedasfol-
lows. GivenatrainingsetD = {x*,...,x"} of independenin-
stancef X, find anetwork B = (G, ©) that bestmatdesD.
(More precisely we searchfor an equivalenceclassof networks
thatbestmatchesD.) Thecommonapproactto this problemis to
introducea statisticallymotivated scoringfunction that evaluates
eachnetworkwith respecto thetrainingdata,andto searctfor the
optimalnetworkaccordingo this score.

A commonlyusedscoringfunctionis theBayesiarscore(se€10,
21] for completedescription):

S(G:D) = log P(G|D)
= logP(D|G)+1log P(G)+C



Figurel: An exampleof asimpleBayesiametworkstructure.

This networkstructuremplies severalconditionalindependencstatements:

& ©

I(A;E), I(B;D | A E),I(C;A,D,E | B),I(D;B,C,E | A),andI(E; A, D).
Thenetworkstructurealsoimpliesthatthejoint distribution hasthe productform

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

©

whereC' is aconstanindependenof G and
P(D|G)= /P(D | G,0)P(© | G)d©

is the marginal likelihood which averagesthe probability of the
dataover all possibleparameteassignmentso G. The particular
choiceof priors P(G) and P(© | G) for eachG determineghe
exact Bayesianscore. Undermild assumption®n the prior prob-
abilities, this scoringmetric is asymptoticallyconsistent:Given a
sufficiently large numberof samplesgraphstructureghat exactly

captureall dependencies thedistribution, will receve, with high

probability a higherscorethanall othergraphs[19]. This means,
thatgivenasuficiently large numberof instanceén largedatasets,
learningprocedureganpinpointthe exactnetworkstructureup to

thecorrectequivalenceclass.

Heckermaret al. [21] presenta family of priors, called BDe
priors, that satisfytwo importantrequirementsFirst, thesepriors
arestructure equivalenti.e., if G andG’ areequialentstructures
they areguaranteedo have the samescore.Secondthe priorsare
decomposableThatis, the scorecanberewritten asthe sum

Sepe(G : D) = Z ScoreContribtiongpe( X, Pa(X;) : D),

H

wherethe contritution of every variable X; to the total network
scoredependnly on its own value andthe valuesof its parents
in G. Thesetwo propertiesare satisfiedfor BDe priors whenall
instances<’ in D arecomplete—thatis, they assignvaluesto all
thevariablesn .t

Oncethe prior is specified(we usean un-informativeprior in
our experimentsandthedatais given,learningamountdo finding
thestructure thatmaximizeghescore.This problemis known to
be NP-hard[8], thuswe resortto heuristicsearch.The decompo-
sition of thescoreis crucialfor this optimizationproblem.A local
searclprocedurghatchange®nearcat eachmove canefficiently
evaluatethe gainsmadeby adding,removing or reversinga single
arc. An exampleof suchaprocedurés agreedyhill-climbing algo-
rithm thatat eachstepperformsthelocal changehatresultsin the
maximalgain,until it reacheslocalmaximum.Althoughthis pro-
ceduredoesnotnecessarilyind aglobalmaximumijt doesperform
well in practice Examplesf othersearchmethodghatadvanceus-
ing one-arcchangesncludebeam-searclstochastidill-climbing,
andsimulatedannealing.

2.4 Learning Causal Patterns

A Bayesiametworkis a modelof dependenciesetweermultiple
measurementdVe arealsointerestedn modelingthe procesghat
generatedhesedependenciesThus, we needto modelthe flow
of causalityin the systemof interest(e.g., genetranscription). A
causalnetworkis a modelof suchcausalprocessesA causahet-
workis similarto aBayesiametwork(i.e.,aDAG whereeachnode
represents randomvariablealongwith a local probability model

for eachnode),the differencebeingit interpretsthe parentsof a
variableasits immediatecauses

We canrelatecausalnetworksand Bayesiametworks,by as-
sumingthe CausalMarkovAssumptiongiventhevaluesof avari-
ables immediatecausesiit is independenbf its earlier causes.
WhenthecasuaMarkov assumptiomolds,thecausahetworksat-
isfiesthe Markov independenciesf the correspondindg@ayesian
network,thusallowing usto treatcausahetworksasBayesiamet-
works. For example,this assumptions a naturalonein modelsof
geneticpedigrees:oncewe know the geneticmakeupof the indi-
vidual's parentghe geneticmakeupof herancestorarenot infor-
mative aboutherown geneticmakeup.

ThemaindifferencebetweercausalandBayesiametworksjs
that a causalnetwork modelsnot only the distribution of the ob-
senations, but alsothe effects of interventions If X causesy’,
thenmanipulatingthe valueof X (i.e., settingit to anothervalue
in sucha way thatthe manipulationitself doesnot affect the other
variables)affectsthevalueof Y. Ontheotherhand,if Y isacause
of X, thenmanipulatingX will notaffect Y. Thus,althoughthe
BayesiametworksX — Y andX « Y areequialent,ascausal
networksthey arenot.

Whencanwe learna causalnetworkfrom obsenations?This
issuereceved a thoroughtreatmentin the literature[22, 32, 36].
From obsenationsalone, we cannotdistinguishbetweencausal
networksthatspecifythe samendependencassumptiond,e., be-
long to the sameequivalenceclass.Whenlearningan equivalence
class(PDAG) from the data,we canconcludethatthe true causal
networkis possiblyary oneof the networksin this class.If adi-
rectedarc X — Y is in the PDAG, thenall the networksin the
equivalenceclassagreethat X' is animmediatecauseof Y. Thus,
we infer the causaldirectionof theinteractionbetweenX andY'.
We stresghatwe caninfer suchcausatelationswithoutary exper
imentalintervention (e.g. knockoutand overexpressionsamong
oursamples.

3 Applying Bayesian Networks to Expression Data

In this sectionwe describeour approacho analyzinggeneexpres-
sion datausing Bayesiametworklearningtechniques We model
theexpressiorievel of eachgeneasarandomvariable.In addition,
otherattributesthat affect the systemcanbe modeledas random
variables. Thesecaninclude a variety of attritutes of the sam-
ple, suchasexperimentalkconditions ,temporalindicators(i.e., the
time/stagethat the samplewastakenfrom), backgroundrariables
(e.g.,which clinical procedurevasusedto geta biopsysample),
andexogenougellularconditions.

By learninga Bayesiametworkbasedn the statisticaldepen-
denciesbetweernthesevariables,we can answera wide rangeof
gueriesaboutthe system. For example,doesthe expressiorlevel
of a particulargenedependon the experimentalcondition?Is this
dependencdirect,or indirect?If it is indirect,which genesmedi-
atethe dependeng? We now describehow onecanlearnsucha
modelfrom thegeneexpressiordata.Many importantissuesarise
whenlearningin this domain. Theseinvolve statisticalaspectof



interpretingthe results,algorithmiccompleity issuesn learning
from thedata,andpreprocessinthedata.

Mostof thedifficultiesin learningfrom expressiordatarevolve
aroundthe following centralpoint: Contraryto previous applica-
tionsof learningBayesiametworks expressiordatainvolvestran-
scriptlevels of thousand®f geneswhile currentdatasetscontain
at mosta few dozensamples. This raisesproblemsin computa-
tional complity and the statisticalsignificanceof the resulting
networks. On the positive side, geneticregulation networksare
sparsej.e., given a gene,it is assumedhat no morethana few
dozengenedirectly affectits transcription Bayesiametworksare
especiallysuitedfor learningin suchsparsedomains.

3.1 Representing Partial Models

When learning modelswith mary variables,small datasetsare
not sufficiently informative to significantlydeterminethata single
modelis the“right” one. Insteadmary differentnetworksshould
beconsideredsreasonablexplanatiorof thegiventhedata.From
a Bayesiamperspectie, we saythatthe posteriorprobability over
modelsis not dominatedby a singlemodel (or equivalenceclass
of models): Our approactis to analyzethis setof plausible(i.e.,
high-scoring)networks. Although this setcanbe very large, we
might attemptto characterizdeaturesthatarecommonto mostof
thesenetworks andfocuson learningthem.

Before we examine the issueof inferring suchfeatures,we
briefly discusswo classe®f featuresnvolving pairsof variables.
While atthis pointwe handleonly pairwisefeaturesit is clearthat
this analysigs notrestrictedo them,andin thefuturewe areplan-
ning on examiningmorecomple features.

Thefirsttypeof featuress Markovrelations Is Y in theMarkov
blanketof X ? TheMarkov blanketof X' is theminimal setof vari-
ablesthat shield X from the restof the variablesin the model.
More precisely X given its Markov blanketis independenfrom
theremainingvariablesn thenetwork.lIt is easyto checkthatthis
relationis symmetric: Y is in X’s Markov blanketif andonly if
thereis eitheranedgebetweerthem,or bothareparentof another
variable[31]. In the context of geneexpressioranalysisa Markov
relationindicatesthat the two genesarerelatedin somejoint bio-
logical interactionor process Note,two variablesn a Markov re-
lation aredirectly linked in the sensethatno variablein the model
mediateshedependencbetweerthem. It remaingpossiblethatan
unobseredvariable(e.g.,proteinactivation)is anintermediaten
theirinteraction.

Thesecondypeof featureds orderrelations Is X anancestor
of Y in all the networksof a given equivalenceclass? That s,
doesthegiven PDAG containa pathfrom X to Y in whichall the
edgesare directed? This type of featuredoesnot involve only a
closeneighborhoodbut rathercapturesa global property Recall
that underthe assumption®f Section2.4, learningthat X is an
ancestoof Y wouldimply that X is acauseof Y. However, these
assumptionslo not necessariljhold in the contect of expression
data. Thus, we view sucha relationasan indication, ratherthan
evidence that X mightbea causabhncestoof Y.

3.2 Estimating Statistical Confidence in Features

We now facethe following problem: To what extent do the data
supportagivenfeatureMore preciselywe wantto estimateamea-
sureof confidencdn the featuresof the learnednetworks,where
“confidence”approximateshelikelihoodthatagivenfeatureis ac-
tually true(i.e. is basen a genuinecorrelationandcausation).
An effective, and relatively simple, approachfor estimating
confidences the bootstap method[14]. The main idea behind

! This obsenationis notuniqueto Bayesiametworkmodels It equallywell applies
to othermodelsthatarelearnedrom geneexpressiomata,suchasclusteringmodels.

the bootstrapis simple. We generate'perturbed”versionsof our
original dataset,andlearnfrom them.In thiswaywe collectmary
networks,all of which are fairly reasonablenodelsof the data.
Thesenetworksshav how small perturbationgo the datacan ef-
fectmary of thefeatures.

In our context, we usethebootstrapasfollows:

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

— Re-samplavith replacement)V instance$rom D. De-
noteby D; theresultingdataset.

— Apply the learningprocedureon D; to inducea net-
work structureG;.

e For eachfeaturef of interestcalculate
1=, 4

con = — G

)= — ;f( )

wheref(G) is 1if f isafeaturein G, and0 otherwise.

We referthe readerto [16] for moredetails,aswell aslarge-scale
simulationexperimentswith this method. Thesesimulationexper
imentsshaw thatfeaturesnducedwith high confidencearerarely
false positives, even in caseswherethe datasetsare small com-
paredto the systembeinglearned. This bootstrapprocedureap-
pearsespeciallyrobustfor theMarkov andorderfeatureslescribed
in section3.1.

3.3 Efficient Learning Algorithms

In section2.3, we formulatedlearningBayesiametworkstructure
asanoptimizationproblemin the spaceof directedacgyclic graphs.
The numberof suchgraphsis superexponentialin the numberof
variables.As we considerhundreds& thousand®f variableswe
mustdealwith anextremelylargesearctspaceThereforeweneed
to use(anddevelop)efficient searchalgorithms.

To facilitate efficient learning,we needto be ableto focusthe
attentionof the searchprocedureon relevantregionsof the search
space,giving rise to the SparseCandidatealgorithm[18]. The
mainideaof thistechniquds thatwe canidentify arelatively small
numberof candidateparentsfor eachgenebasedon simplelocal
statistics(suchas correlation). We thenrestrictour searchto net-
worksin which only the candidatgparentsof a variablecanbeits
parentsresultingin amuchsmallersearctspacdan which we can
hopeto find agoodstructurequickly.

A possiblepitfall of this approachs thatearly choicescanre-
sultin anoverly restrictedsearchspace To avoid this problem,we
devisedaniterative algorithmthatadaptshe candidatesetsduring
search.At eachiterationn, for eachvariable X;, the algorithms
chooseshe setC' = {Yi,...,Y:} of variableswhich arethe
mostpromisingcandidateparentsfor X;. We thensearchor B,,,
anoptimalnetworkin whichPa~= (X;) C C[*. Thenetworkfound
is thenusedto guidethe selectionof bettercandidatesetsfor the
next iteration. We ensurethat B,, monotonicallyimprovesin each
iterationby requiringPa®~-1(X;) C C?. Thealgorithmcontin-
uesuntil thereis no changen thecandidatesets.

We briefly outline our methodfor choosingC;*. We assign
eachX; somescoreof relevanceto X;, choosingvariableswith
thehighestscore. A naturalscorethatmeasurethedependenebe-
tweentwo variabless their mutualinformationdenoted/ (X ; Y').
Thefollowing is anexamplethatariseswvith suchascore:Consider
thenetworkin Figurel. If I(B; D) > I(B; E), fork = 2, E will
be left out of C. Since A mediateghe dependencbetweenB
and D, the networklearnedn this iterationwill containonly A as
B’s parent. We canusethis conditionalindependencé improve



Figure2: An exampleof thegraphicaldisplayof Markov features.
This graphshows a “local map” for the geneSVS1. The width

(andcolor) of edgescorrespondso thecomputecconfidencdevel.

An edgeis directedif thereis a suficiently high confidencen the
order betweenthe pair genesconnectedy the edge. This local

map shows that CLN2 seperate$SVS1from several othergenes.
Althoughthereis a strongconnectionbetweenCLN2 to all these
genesthereare no otheredgesconnectingthem. This indicates
that, with high confidencethesegenesare conditionallyindepen-
dentgiventhe expressiorievel of CLN2.

our candidatesets. A betterscoreis the conditionalmutualinfor-
mation I(X;; X;|Pa%»-1(X;)). The scorewe actuallyuseis an
estimatorof the conditionalmutualinformationin the underlying
distribution, thattakesinto accountalsothe numberof parameters
neededo learn X;’s conditionalprobability.

We refer the readerto [18] for more detailson the algorithm
andits compleity, aswell asempiricalresultscomparingits per
formanceto traditionalsearchtechniques.

3.4 Discretization

In orderto specifya Bayesiametworkmodel,we still needto de-
fine the local probability modelfor eachvariable. At the current
stage,we chooseto focus on the qualitative aspectf the data,
andsowe discretizegeneexpressiornvaluesinto threecateyories:
—1,0, and1, dependingvhethettheexpressiorrateis significantly
lower than,similar to, or greaterthanthe respectie control. The
controlexpressiorievel of agenecanbe eitherdeterminedxperi-

mentally(asin themethodf [12]), orit canbe setasthe average
expressiorlevel of the geneacrossexperiments. The meaningof

“significantly” is definedby settingathresholdo theratio between
measuredxpressiorandcontrol. In our experimentsve choosea
thresholdvalueof 0.5 in logarithmic(base2) scale.

It is clearthat by discretizingthe measuredxpressionlevels
we areloosinginformation. An alternatve to discretizatioris us-
ing (semi)parametridensity modelsfor representingonditional
probabilitiesin the networkswe learn(e.g.[23, 26, 30]). However,
a badchoiceof the parametridamily canstronglybiasthe learn-
ing algorithm.We believe thatdiscretizatiorprovidesareasonably
unbiasedapproactfor dealingwith this type of data. We are cur
rently exploring the appropriatenessf several densitymodelsfor
thistypeof data.

4 Application to Cell Cycle Expression Patterns

We appliedour approacho the dataof Spellmanetal. [35], con-
taining 76 geneexpressionmeasurementsf the mRNA levels of
6177 S. cerevisiae ORFs. Theseexperimentsmeasuresix time
seriesunderdifferentcell cycle synchronizatiormethods. Spell-
manet al. [35] identified800 geneswvhoseexpressionvaried over
the differentcell-cycle stages.Of these,250 clusterednto 8 dis-
tinct clustersbasedon the similarity of expressionprofiles. We
learnechetworkswhosevariablesveretheexpressiorevel of each
of theseBO0Ogenes Someof therobustnessnalysisvasperformed
only onthesetof 250geneghatappeain the 8 majorclusters.

In learningfrom this data,we treateachmeasuremerdsa sam-
ple from a distribution, and do not take into accountthe tempo-
ral aspeciof the measurementSinceit is clearthatthe cell cycle
processs of temporalnature we compensatey introducingaddi-
tionalvariabledenotingthecell cycle phase Thisvariableis forced
to bearootin all thenetworkdearnedlts presenceallowsto model
dependengof expressiorievelson currentcell cycle. 2

We usedthe SparseCandidatealgorithmwith a 200-foldboot-
strapin the learningprocess. The learnedfeaturesshav that we
canrecover intricate structureeven from suchsmall datasets. It
is importantto notethat our learningalgorithmusesno prior bi-
ological knowledge nor constraints. All learnednetworksand
relationsarebasedsolely on theinformationcorveyedin the mea-
surementghemseles. Theseresultsare available at our WWW
site: http: //www.cs.huji.ac.il/labs/compbio /expression. Fig-
ure2 illustratesthe graphicaldisplayof resultsof this analysis.

4.1 Robustness Analysis

We performeda numberof teststo analyzethe statisticalsignifi-
canceandrobustnessf our procedure.We carriedmostof these
testson thesmaller250genedatasetfor computationateasons.

To testthecredibility of our confidenceassessmentye created
arandomdatasetby randomlypermutingthe orderof the experi-
mentsindependentlyfor eachgene. Thusfor eachgenethe order
wasrandomputthecompositiorof theseriesemainedinchanged.
In suchadataset,genesareindependentf eachother andthuswe
do not expectto find “real” features.As expected bothorderand
Markov relationsin the randomdataset have significantly lower
confidence.We comparethe distribution of confidenceestimates
betweenthe original datasetandthe randomizedsetin Figure3.
Clearly, thedistribution of confidencesstimates$n theoriginal data
sethave alongerandheaviertail in thehigh confidenceegion. The
runson the randomdatasetsdo not learnalmostarnything with a
confidencdevel abore 0.8, whichleadsusto believe thatmostfea-
turesthatarelearnedin the original datasetwith suchconfidence
levelsoriginatein truesignalsin thedata.Also, theconfidencedis-
tribution for thereal datasets concentratedloserto zerothanthe
randomdistribution. This suggestshatthe networkslearnedfrom
therealdataaresparser

Sincetheanalysisvasnot performednthewholeS.cerevisiae
genomewe alsotestedthe robustnesof our analysisto the addi-
tion of more genescomparingthe confidenceof the learnedfea-
turesbetweenthe 250 and 800 genedatasets.Figure4 compares
featureconfidencen the analysisof the two datasets As we can
see,thereis a strongcorrelationbetweenconfidencdevels of the
featuresetweerthetwo datasets.

A crucialchoicein ourproceduras thethresholdevel usedfor
discretizationof the expressiorlevels. It is clearthatby settinga
differentthresholdwe would getdifferentdiscreteexpressiorpat-
terns. Thus,it is importantto testthe robustnessandsensitvity of

?We notethatwe canlearntemporaimodelsusinga Bayesiametworkthatincludes
geneexpressiorvaluesin two (or more)consecutie time points[17]. This raisesthe
numberof variablesn the model.We arecurrentlyperusinghisissue.
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Figure 3: Histogramsof confidencdevels for the cell cycle dataset,andthe randomizediataset. The histogramson the left areof order
relations,andthe oneson theright areof Markov relations.The histogramsn the top row show the distribution of confidencdevelsin the
intenval [0, 1]. The histogramsnthe bottomrow show the tails of thesedistributionsfor high-confidencéeaturesThesehistogramsareall

basednthe250genedataset.

the high confidenceeaturesto the choiceof this threshold. This

wastestedby repeatingthe experimentsusing differentthreshold
levels. Again, the graphsshow a definite linear tendeng in the
confidenceestimatef featuresbetweenthe differentdiscretiza-
tion thresholds.Obviously, this linear correlationgetsweakerfor

larger thresholddifferences.We alsonotethat orderrelationsare
muchmorerobustto changesn the thresholdthanthe Markov re-

lations.

A valid criticism of our discretizationmethodis thatit penal-
izesgenesvhosenaturalrangeof variationis small: sincewe use
a fixed threshold we would not detectchangesn suchgenes.A
possibleway to avoid this problemis to normalizethe expression
of genesin the data. Thatis, we rescalethe expressionlevel of
eachgene,sothattherelatve expressionall geneshave the same
meanandvariance.We notethat analysismethodshat usepear
son correlationto comparegenes,suchas [4, 15|, areimplicitly
performingsucha normalization.? Whenwe discretizea normal-
ized datasetwe are essentiallyrescalingthe discretizationfactor
differentlyfor eachgene dependingnits variancan the data.We
tried this approachwith several discretizationlevels, and got re-
sultscomparabléo our original discretizatiormethod.The 20 top
Markov relationshighlightedby this methodwere a bit different,
but interestingandbiologically sensiblen their own right. The or-
derrelationswereagainmorerohustto the changeof methodsand
discretizatiornthresholds.A possiblereasoris that orderrelations
dependon the networkstructurein a global mannerandthuscan
remainintacteven after mary local changego the structure.The
Markov relation,beingalocal one,is moreeasilydisrupted.Since
thegraphdearnedareextremelysparseeachdiscretizatiormethod
“highlights” differentsignalsin the data,which arereflectedn the
Markov relationslearned.

In summaryalthoughmary of theresultswe reportbelow (es-

3 An undesireceffect of sucha normalizatioris the amplificationof measurement
noise. If a genehasfixed expressiorlevels acrosssampleswe expectthe variance
in measure@xpressiorevelsto be noiseeitherin the experimentatonditionsor the
measurements When we normalizethe expressiorlevels of genes,we loosethe
distinctionbetweersuchnoiseandtrue(i.e., significant)changesn expressionevels.
In our experimentsye cansafelyassumethis effect will not betoo grave, sincewe
only focuson geneghatdisplaysignificantchangescrossexperiments.

Orderrelations Markov relations

0.8 1

Figure 4: Comparisorbetweensignificancelevels with different
numberof genedn theanalysis.Eachrelationis shovn asa point,
with thez-coordinatébeingits confidencen thethe250genegata
setandthe y-coordinatethe confidencen the 800 genesdataset.
The left figure shows orderrelation features,andthe right figure
shows Markov relationfeatures;

peciallyorderrelations)arestableacrosghe differentexperiments
discussedn the previous paragraphit is clearthatour analysisis
sensitveto thediscretizatiormethod.In all thedifferentdiscretiza-
tion methodswe tried, our analysisfoundinterestingrelationships
in the data. Thus,the challangds to find alternatve methodghat
canrecover all theserelationshipsin one analysis. We are cur
rently working on learningwith (semi)parametriclensitymodels
thatwould circumventthe needfor discretization.

4.2 Biological Analysis

We believe thatthe resultsof this analysiscanbe indicatie of bi-
ological phenomenén the data. This is confirmedby our ability
to predictsensibleelationsbetweergenesof known function. We
now examineseveralconsequenesthatwe have learnedfrom the
data.We considerin turn, theorderrelationsandMarkov relations
foundby ouranalysis.



Tablel: List of dominantgenesdn the orderingrelations(top 14 out of 30)

Gene/ORF | Dominance| # of descenderdenes

Score > .8 > .7 notes
YLR183C 551 609 708 Containdorkheadedssosiatedomain,thuspossiblynuclear
MCD1 550 599 710 Mitotic Chromosom®eterminant,nulmutantis inviable
CLN2 497 495 654 Rolein cell cycle START, null mutantexhibitsG1 arrest
SRO4 463 405 639 Involvedin cellularpolarizationduringbudding
RFA2 456 429 617 Involvedin nucleotideexcisionrepair, null mutantis inviable
YOLO07C 444 367 624
YOX1 400 243 556 Homeodomairprotein
GAT3 398 309 531 Putatve GATA zinc finger transcriptionfactor related to polll

transcription

POL30 376 173 520 Requiredior DNA replicationandrepair hull mutantis inviable
RSR1 352 140 461 GTP-bindingproteinof therasfamily involvedin bud siteselection
CLN1 324 74 404 Rolein cell cycle START, null mutantexhibitsG1 arrest
YBRO89W 298 29 333
MSH6 284 7 325 Requiredior mismatchrepairin mitosisandmeiosis

4.2.1 Order Relations

The moststriking featureof the high confidenceorderrelations,
is the existenceof dominantgenes Out of all 800 genesonly
few seemto dominatethe order (i.e., appeatbeforemary genes).
Theintuition is that thesegenesareindicative of potentialcausal
sourcef the cell-gycle process.Let C, (X, Y) denotethe confi-
dencein X beingancestof Y. We definethe dominancescore
of X as ZY,CO(X,Y)» Co(X,Y)¥, usingthe constantk for re-
wardinghigh confidencdeaturesandthethreshold to discardow
confidenceones. Thesedominantgenesare extremely robust to
parametesselectionfor both ¢, & andthe discretizationcutoff of
section3.4. A list of the highestscoringdominatinggenesappears
in tablel.

Inspectionof thelist of dominantgenegevealsquite a few in-
terestingfeatures. Among the dominantgenesare thosedirectly
involved in cell-gycle controlandinitiation. For example,CLN1,
CLN2 andCDC5,whosefunctionalrelationhasbeenestablishetl 1,
13]. Othergenes,like MCD1 and RFA2, were found to be es-
sential[20]. Theseare clearly key genesin basiccell functions,
involved in chromosomeadynamicsand stability (MCD1) andin
nucleotideaxcisionrepair(RFA2). Most of thedominantgenesn-
codenucleamproteins andsomeof theunknavn genesarealsopo-
tentially nuclear: (e.g., YLR183C containsa forkhead-associated
domainwhich is found almostentirely amongnuclearproteins).
Someof themarecomponent®f pre-replicatiorcompleces. Oth-
ers(like RFA2,POL30andMSHS6) areinvolvedin DNA repair It
is known that DNA repairis a prerequisitefor transcription,and
DNA areasvhich aremoreactive in transcriptionarealsorepaired
morefrequently[28, 37].

A few non nucleardominantgenesare localizedin the cyto-
plasm membrangSRO4 and RSR1). Theseare involved in the
buddingand sporulationprocesswhich have animportantrole in
the cell-cycle. RSR1belongsto the rasfamily of proteins,which
areknown asinitiators of signaltransductiorcascadem thecell.

4.2.2 Markov Relations

Inspectionof the top Markov relationsrevealsthat mostarefunc-
tionaly related. A list of the top scoringrelationscanbe foundin
table2. Amongtheseall involving two known genesnakesense
biologically. Whenone of the ORFsis unknown carefulsearches
using Psi-Blast[3], Pfam[34] and Protomap40] canreveal firm
homologiego proteinsfunctionallyrelatedto the othergenein the
pair. (e.g. YHR143W, whichis pairedto theendochitinas€TS1,
is relatedto EGT2- a cell wall maintenceprotein). Several of the

unknown pairs are physically adjacenton the chromosomeand
thus presumablyregulatedby the samemechanisni{see[5]), al-
thoughspecialcareshouldbe takenfor pairswhosechromosomal
locationoverlapon complementargtrandssincein thesecasesve
mightseeanartifactresultingfrom cross-hybridizationSuchanal-
ysisraiseghe numberof biologically sensiblgpairsto 19/20.

TherearesomeinterestingMarkov relationsfoundthatarebe-
yondthelimitations of clusteringtechniquesOnesuchregulatory
link is FAR1-ASH1: both proteinsare known to participatein a
mating type switch. The correlationof their expressionpatterns
is low and [35] clustertheminto different clusters. Among the
high confidencemarkor relations,one canalso find examplesof
conditionalindpendencei.e., a group of highly correlatedgenes
whosecorrelationcan be explainedwithin our network stucture.
Onesuchexampleinvolvesthe genes:CLN2,RNR3,SVS1,SR4
andRADA41,their expressions correlatedin [35] all appeain the
samecluster In our networkCLNZ2 is with high confidencea par
entof eachof the other4 geneswhile no links arefound between
them.This suitsbiologicalknowledge:CLN2 is acentralandearly
cell cycle control, while thereis no clear biological relationship
betweertheothers.

5 Discusion and Future Work

In this paperwe presented new approacHor analyzinggeneex-

pressiordatathatbuilds on the theoryandalgorithmsfor learning
Bayesiametworks.We describedhow to applythesetechniqueso

geneexpressiordata. The approactbuilds on two techniqueghat
were motivatedby the challangegosedby this domain: a novel

searchalgorithm [18] and an approachfor estimatingstatistical
confidencg16]. We appliedour methodsto real expressiondata
of Spellmaretal. [35]. Although,we did not useary prior knowl-

edge,we managedo extractmary biologically plausibleconclu-
sionsfrom this analysis.

Our approachis quite different than the clusteringapproach
usedby [2, 4, 15, 29, 35], in thatit attemptgo learnamuchricher
structurefrom the data. Our methodsare capableof discovering
causalrelationships,nteractionsbetweengenesother than posi-
tive correlation,andfiner intra-clusterstructure.We are currently
developinghybrid approachethatcombineour methodswith clus-
teringalgorithmsto learnmodelsover “clustered’genes.

The biological motivation of our approachis similar to work
on inducinggeneticnetworksfrom data[1, 6, 33, 38. Thereare
two key differences:First, the modelswe learnhave probablistic
semantics. This betterfits the stochastionatureof both the bio-
logical processeandnoisy experimentation.Second pur focusis



Table2: List of top Markov relations

Confidence| Genel Gene2 notes

1.0 YKL163W-PIR3 | YKL164C-PIR1 | Closelocality onchromosome

0.985 PRy2 YKR012C Closelocality on chromosome

0.985 MCD1 MSH6 Both bindto DNA duringmitosis

0.98 PHO11 PHO12 Both nearlyidenticalacidphosphatases

0.975 HHT1 HTB1 Both areHistones

0.97 HTB2 HTAL Both areHistones

0.94 YNLO57W YNLO58C Closelocality on chromosome

0.94 YHR143W CTS1 Homologto EGT2cell wall control,bothinvolvedin Cytokinesis

0.92 YOR263C YOR264W Closelocality on chromosome

0.91 YGRO086 SIC1 Homologto mammaliamucleamran protein,bothinvolvedin nuclearfunction
0.9 FAR1 ASH1 Both partof amatingtypeswitch,expressionuncorelated

0.89 CLN2 SVS1 Functionof SVS1unknown

0.88 YDRO33W NCE2 Homologto transmembrameroteinssuggesbothinvolvedin 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

on extractingfeaturesthat are pronouncedn the data,in contrast
to currentgeneticnetworkapproachethatattemptto find a single
modelthatexplainsthe data.

We are currently working on improving methodsfor expres-
sion analysisby expandingthe framevork describedn this work.
Promisingdirectionsfor suchextentionsare: (a) Developing the
theory for learninglocal probability modelsthat are capableof
dealingwith the continuousnatureof the data;(b) Improving the
theoryandalgorithmsfor estimatingconfidencdevels; (c) Incor
poratingbiologicalknowledge(suchaspossibleregulatoryregions)
asprior knowledgeto theanalysis{d) Improving oursearcteuris-
tics; (e) Applying DynamicBayesiarNetworkg( [17]) to temporal
expressiordata.

Finally, oneof the mostexciting longerterm prospectof this
line of researclhis discovering causalpatternsfrom geneexpres-
siondata. We planto build on andextendthe theoryfor learning
causalrelationsfrom dataand apply it to geneexpression. The
theoryof causalnetworksallows learningbothfrom obsenational
dataandinterventionaldata,wherethe experimentinterveneswith
somecausalmechanismf the obsened system.In geneexpres-
sion context, we can model knockout/averexpressednutantsas
suchinterentions. Thus, we can designmethodsthat deal with
mixed forms of datain a principled manner(See[9] for a recent
work in this direction). In addition, this theory canprovide tools
for experimentablesign thatis, understandingvhichinterventions
aredeemednostinformatie to determininghe causaktructurein
theunderlyingsystem.
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