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Abstract

We proposea probabilisticmodelfor cellularprocessesandanalgorithmfor
discoveringthemfrom geneexpressiordata.A processs associateavith a setof
genegshatparticipaten it; unlike clusteringtechniquespur modelallows genego
participaten multiple processesEachprocessnaybeactive to adifferentdegree
in eachexperiment.The expressiormeasuremerfor gene in array is asum,
over all processef which participatespf theactuity levels of theseprocesses
in array . We describean iterative procedurebasedon the EM algorithm, for
decomposinghe expressiomrmatrix into a given numberof processesie present
resultson Yeastgeneexpressiondata,which indicatethatour approachidenti es
realbiologicalprocesses.

1 Intr oduction

A living cell is a complicatedsystemthat performsmultiple functionsand hasto re-
spondto avariety of signals.To organizethis complex web of actiity, thecell tends
to compartmentalizéts activity into distinct processesor modules. This global or-
ganizationcannotbe discernedby studyingthe propertiesof isolatedcomponents.
Genome-widemeasurementsf mMRNA expressionlevel acrossmultiple experimen-
tal conditionsprovide uswith a global picture of the cell's actiities, andprovide the
potentialfor a high-level understandingf its behaior.

Clusteringtechniquesarethe mostcommonapproacheso identifying functional
groupsin geneexpressiordata. Theseapproachegeneratelustersof geneghathave
similarexpressiorpro les overarangeof experimentatonditiong6, 4, 14]. However,
theseapproachegroupgenesnto mutually exclusive clusters andarethuslimited in
their ability to representhetrue underlyingbiological system:mary genesareknown
to be multi-functional,andthusshouldbelongto morethanonefunctionalgroup.

In this paper we introducea probabilisticframework for discovering biological
processe$rom expressiondata. Eachprocesss associatedvith a setof genesthat
participatein it; unlike clusteringmethods,our modelallows genesto participatein
multiple processesEachprocessmight be more active in someconditionsandless
activein others.Thus,ourmodelde nesfor eachexperimentthe extentto which each
procesds active in that experiment. In our model, the expressionmeasuremertor
gene inarray isasum,overall processes which participatespf the actvity
levelsof theseprocessem array . Thus,we decompos¢heentireexpressiormatrix
asasumof theexpressiorlevelsof all theactive processes.

Our modelresembleshe Plaidmodelproposedy LazzeroniandOwen[11]. The
Plaid model also decomposethe expressiondataasa sumof overlapping“layers”;
eachlayeris associateavith a setof genesandexperimentghatde ne the expression



of thatlayer Therearesereraldifferencedetweerour modelandPlaid. Of thesethe
mostimportantis that Plaid usesa greedysequentiabpproacho performthe decom-
position,attempting,in eachstep,to explain asmuchof the unexplainedexpression
dataaspossible.Oncealayerhasbeenearnedjt remainsunchangeandis subtracted
from theexpressiordata.In contrastpur modelis trainedasauni ed whole,allowing
theassociatiorof geneswith processeto changeasthe processnodelsbecomemore
re ned, andthe procesamodelsto changeasthe setof assignedyeneschanges.As
we demonstratén our experimentalresults,our approachdiscorersmuch“cleaner”
processethandoesPlaid: Thesetof genesassociateavith a processy ourapproach
oftencontainsa very high fraction of geneghatareknown to sharea functionalrole.
By contrast,Plaid layersare muchlargerand more heterogeneousinddo not corre-
spondasneatlyto a biologicalprocess.

We provide an iterative algorithm for learningthe model from geneexpression
data,basedon the expectationmaximization(EM) algorithm[5]. Oncea modelhas
beenlearned,we canreadthe processeslirectly from it. For eachprocesswe read
boththegeneghatparticipatan it aswell asthelevelsof activity of eachprocessn all
experiments We describeencouragingesultsonrealdata,providing evidencethatour
approachdenti es realbiological processesSpeci cally, we shav a high correlation
betweenthe genesetsconstructedand known biological processes.We also shov
signi cant DNA binding sitesin the promoterregions of the genesin the process.
Finally, we shav casesvhereour learnedactiity levelsfor processebadextremely
high correlationswith the expressionlevels of known regulatorsof thoseprocesses;
importantly theseregulatorswere not part of the input datagiven to our program,
indicatingthatour programreconstructethe levelsof activity of theseprocesses.

2 Probabilistic Model

In this sectionwe presenbur probabilisticmodel. Our approachis basedon the lan-
guageof probabilistic relational models(PRMs) asdescribedn [10, 7]. For lack of
spacewe do not review the generalPRM framawork, but focuson the detailsof the
model,whichfollow theapplicationof PRMsto geneexpressiorin [14]. A simpli ed
versionof our modelis presentedh Fig. 1(a);we now describéts elements.

The PRM framawvork representshe domainin termsof the differentbiological
entitiesthatinteractin it: genesarrays expressiormeasurementsndbiologicalpro-
cessesAlso, eachobjectmaybeassociateavith a setof attributesthatarerelevantto
theinteractionsn thedomain.Speci cally, our modelincludesaset of geneob-
jects ,aset of arrayobjects ,andaset of
expressiorobjects , onefor eachgenein eacharray Eachexpres-
sionobject is associatetvith ageneobject Gene ,anarrayobject Array
andareal-valuedattribute LeveldenotingthemRNA expressiorievel of Gene
in Array

In addition,we includea setof processobjects. Our modelmakesexplicit the
notion that genesparticipatein biological processesndthat processesire active to
varying degreesin arrays. Thus, for eachgeneobject we de ne a setof binary
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Figure 1: (a) PRMfor the processnodel. (b) An instantiationof the PRM to a particulardatasetvith 2
genes? arraysand3 processes.

attributes, , Wwhere representthe genes Membershipn process

. To represenprocessactiity levels, we associatevith eacharrayobject , a set
of continuousattributes , Where representshe aCtivity level of
process in array .

Eachexpressiormeasurement associateavith gene Geneandarray

Arrayis assumedo bea(stochasticjunctionof theprocesses which participates
andof theactiity level of thoseprocesse# thearray . More preciselylet be
the setof all 's membershipvariables,and be the setof all 's actvity level
variables We assumeéhat Levelis normallydistributedwith mean

andstandardieviation . More precisely:

Level
Level 1)

where s the standarddeviation of all expressiormeasurements array . Thus,

the expressionmeasuremenfior gene in array can be viewed asthe sum over

expressioncomponentswith eachcomponenbeingthe resultof the activity in array
of someprocesgo which belongs.

To completethe descriptionof our probabilisticmodel, we associatavith each
process aprior probability , which s the prior probabilitywith which
ary geneparticipatesin . We also associatewith the continuousattribute a
uniform distribution (over someappropriatelfboundedange).

Althoughthe descriptionof our modelis compactits instantiationto a particular
datasetis quite large. In a speci ¢ instantiationof the PRM modelwe might have
10 processes1000 genesand 100 arrays. Thus, we have asmary as
expressiorobjects(if all expressionsareobsened),sotheinstantiationof our model
to a particulardatasetcontainsa large numberof objectsand variablesthat interact
probabilistically Theresultingprobabilisticmodelis a Bayesiametwork[12], where
the local probability modelsgoverningthe behaior of nodesof the sametype (e.g.,
all nodes for differentgenes in process ) areshared.Fig. 1(b) shavs a small
instantiationof sucha network, for two genestwo arrays,andthreeprocesses.

Puttingeverythingtogetheraninstantiationof the PRM modelspeci esthemem-



bership for all genes andall processes, theactiities for all arrays
andall processes, andthe expressionevel Levelfor all . Thejoint
distribution over all possibleinstantiationss givenby:

Level

Level )

where and .

Ourmodelhasseveraldesirableproperties First, processearerepresentedxplic-
itly makingit easyto “read” off processefrom the model: the variablegell us
which genesarticipatein process andthe variablegell ustheactity level of
eachprocess in eacharray Secondthemodelallowsfor genedo participatén more
thanoneprocesgsincewe couldhave and for differentprocesses

and ), which enablesusto modelmulti-functionalgenes Finally, aswe will seein
the next section,the probabilisticmodelallows us to utilize statisticaloptimization
techniquedo learnthe modelsfrom dataover severalprocessegintly.

3 Learning the Model

In the previous section,we describedthe different componentof our probabilistic
model.We now considethow we learnthis modelfrom data.We assumehatthe only
informationgivenis the expressiordataitself, andthenumberof processewe wishto
identify. We do notknow which genesarticipatein which processesorthelevelsof
actiity of arraysprocessesThus,all attributes and arehidden.Fromthe
perspeciie of the modelparametersthe prior probabilitiesof the differentprocesses
— arealsounknovn. We assumehat the expressionlevel modelis
given,asin Eq. (1), andthatthedistribution is uniformand x edfor all
Thelearningproblemwe have hereis quitecomple, asit involvesalargenumber
of hiddenvariables.Themaintechniqueve useto addresshisissueis the Expectation
Maximization(EM) algorithm[5], which allows parameteestimationwith incomplete
data.The EM algorithmis aniterative method.Startingfrom aninitial settingfor the
parameterst repeatediyperformstwo steps.n theE-step it computeshedistribution
overtheunobseredattributes (for all ), giventhe obsenedexpres-
sion dataandthe currentestimateof the parameterslt usesthis distribution to “ Il
in” eachmissingattribute. Two variantsof the EM algorithmare softEM, wherethe
completionexplicitly accountdor the probability over the valuesof eachmissingat-
tribute,andhard EM, which simply selectghe singlemostlik ely assignmentto each
attribute. The M-stepre-estimateghe parametersjsingthe completionof the missing
attributesasif it werereal, usinga standardmaximumlik elihood estimationproce-
dure. The procesghenrepeatsusingthe new parametersyntil corvergence. Soft
EM is guaranteedo corvergeto a local maximumof the likelihood of the obsened
data Level ; hardEM is guaranteedo corvergeto alocal maximumof thejoint
likelihoodof the obseneddataandthe completion— Level .



In applyingeithervariantof EM to our model,we mustdealwith the complexities
of the E-step,which requirethatwe computethe distribution over all assignment$o
both and . As we discussedpur modelinducesa complec setof interac-
tions. In the experimentswe describebelov, we have 1010genes,173arrays,and10
processesThis resultsin a modelwith hiddenvariables. Moreover, the na-
ture of thedatais suchthatwe cannottreatgenegor arrays)asindependensamples.
Instead ary two hiddenvariablesaredependenbn eachothergiventhe obsenations
(se€[7] for anelaboratiorof this point). For example,considetwo genes and ; 's
assignmento processefn uencesour estimatef the variableswhichin turn
in uence our membershirobabilitiesfor . Dueto thesedependencieghe exact
computatiorof the E-stepis intractablefor largedomains.

However, our modelis suchthatif we weregiventhe valuesof for all ,
thenthe assignment®f the differentgenesto processesre renderedindependent.
Likewise, givena x ed assignmenbf genesto processes ), the activity levels
for eacharray canbeestimatedrom theseassignmentandfrom theexpressiordata
in alone,withoutknowing the activity levelsin otherarrays.

This key obsenationsuggestsheuseof hardassignmentto the hiddenattributes,
ratherthana soft assignment.Thus, we usea variantof hard EM. In this case,our
goal in the E-stepis to nd the maximum probability assignmento the variables

, giventhe currentparametesetting. This problemis still intractable but
we canuseour obsenationto nd averygoodlocal maximum.

Speci cally, startingfrom aninitial assignmenof genedo processeévhichcould
comefrom standarctlusteringmethods)we nd themostlikely activity levels
We then x theseactvity levels,and nd the mostlikely assignmento . Each
stepincreaseshejoint likelihood Level giventhecurrentparame-
ters,andthusthe processs guaranteedb corverge. Theresultingassignmento these
variablesis a fairly stronglocal maximum: No stepthatadaptsonly the genemem-
bershipsor the array actiity levels canimprove the likelihood; however, a stepthat
adaptdothgenemembershipandarrayactiities might.

At corvergencetheE-steps completeandwe canusethe nal assignment ,

to estimatethe parameters , usingstandardnaximumlik elihood estimation.
More preciselywe computethe expectedsuf cient statistics:

N 3)

where is an indicator variablethat takes value whenits argumentholds and
otherwise We thencomputethe probabilities  as:
N

N N (4)

Thealgorithmasawholeis shavnin Fig. 2. As we canseejt de nestwo separate
optimizationtasks: nding the mostlikely membership®f genesin processegiven
activity levels(step2(a)i), and nding the mostlikely activity levels giventhe mem-
bershipsof genesin processegstep2(a)ii). We discussthe implementatiorof these
stepsin the subsequergubsections.



1. Initialize usingstandarctlusteringtechniques.
2. Repeauntil corvergence

(a) E-stepRepeauntil corvergence

i. Find the assignmentto each actvity level that maximizes
Level

ii. Find the assignmentto each gene membership that maximizes
Level

(b) M-step Estimatethe parameters asin Eq.(3) andEq. (4).

Figure2: Full LearningAlgorithm

A critical partof our approachis that our algorithmdoesnot learnthe member
ship and activity of eachprocessdn isolation. Rather our modelis learnedover all
processesimultaneouslyallowing informationand (probabilistic)conclusiondrom
oneprocesdo propagateandin uence our conclusionsaboutanother For instance,
assumehatour learningprocesplacesagene into process atsomestep,andthat
this membershipexplains 's expressiondatavery accurately In this case, will be
lesslikely to be a memberof other processesallowing othergenesassignedo the
procesgo have a strongelin uence ontheactuity level pro le of theprocess.

Oneof ourtwo tasksisto nd themostlikely actiity levelsgiventhememberships
of genedn processeddere,we assumehatwe aregiven,for eachgene , all thepro-
cesses in which it participates. Thus, we now needonly to nd the mostlikely
assignmento the actiity levels of arraysin processesi.e.,

Level . Using Bayesrule, our assumptiorof uniform prior over each ,
andthemodelin Eq. (1), we canreformulateour maximizationtaskas

Level
Level

where is the column of the expressionmatrix that correspondgo the array .
Simple algebraicreformulationshows that this problemis, in fact, a standardeast
squareproblem , Where: isthestandard expressiormatrix; is
an 0-1 matrix suchthat containsa if gene isamemberin process and
isa matrix suchthat representsheactvity level of array in process.
The matrices and areboth x ed,andour goalis to nd the matrix that
minimizesthe squared-errofor . It is well-known [9] thata least-squares
solutionto this systemexists,andcanbefoundeffectively usingstandardnethods.
We now turn to our secondoptimizationproblem,wherewe aregiventhe actiity
levels of all processef all arraysandour taskis to learnthe assignmentsf genes
to processesThus,the attributes arehiddenfor all genes andall processes.
However, with all actiity levelsgiven,assignmentsf genedo processeareindepen-
dentacrosggenesandwe can nd themostlikely assignmenfor eachgeneseparately
To performthis maximization,we maximize separatelyfor
eachgene , where istherow in the expressiomrmatrix correspondingo the gene



. More preciselythis computatiorcanbe doneasfollows:

)
where

Level

where ,and is anormalizationconstant.The expressiorinsidethe nal
termin the productis simply the Gaussiarmodelfor the expressionlevel given its
parentsasin Eq. (1).

For modelsthatincludealarge numberof processesye cannotperformthis max-
imization over exactly. The numberof calculationsrequiredfor eachgeneis
exponentialin the numberof processessinceevery possiblgoint assignmento
mustbe consideredIn thesecaseswe useanapproximation.Insteadof considering
every possibleassignmento , We includeonly a subset of processesand
excludeall others , forcing their valueto 0. To selectour subsetwe relaxthe
problemandallow each to be ary realvaluebetween0 and1. We thenmaxi-
mizeEq.(5) subjecto thisrelaxation.This problemreduceso aboundedeastsquares
problemwhichwe cansolve exactly[3]. Wethenselect from , by choosing
thosevariablesvhoserelaxedassignmentareclosesto 1 (in practicethe majority of
thevariablesareassignedo 0 in therelaxedsolution).Finally, we nd themostlikely

assignmento with all othervariablesx edto 0 by maximizing:

Level

4 Model Evaluation

We rst evaluatedour approacton syntheticdata. Theseexperimentgestwhethenwe
recover structureknown to be presentn thedata.We generate@ syntheticdatasetby
samplingfrom aPRM model. To make thedatarealistic,we usedPRM modeldearned
from real biological data[8]. Speci cally, we rst learneda modelwith 7 processes.
We thensampleddatafor 500genesand173experimentgthe original datacontained
173 experiments)from the model: assignmentsf genesto processesvere sampled
from the distribution our modelhadfor the variables,andexpressiondatawas
thenderived by computingthe expectedexpressiorievels (accordingto our modelof
expressionfrom the sampledassignmenof genego layersandthe meanswhich
werepartof thelearnedmodel.

Wethenhid thetrueassignmentef genego processeandactiity levelsin arrays,
aswell astheoriginalmodelparameters , andlearnedamodelwith 7 processeffom
the syntheticexpressiondatausingthe algorithmdescribedn Section3. To testthe
robustnesof our learningalgorithmto noise,we alsolearnedmodelsusingvarious
levelsof perturbationswherea perturbatiorevel of correspondso shufing of
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Figure 3: (a) Fractionof learnedpairsappearingn the true dataandfraction of true pairsin thelearned
modelfor variouslevels of perturbations(b) Log-Likelihoodon testdataachieved for learnedmodelsfor

variouslevels of perturbations(c) Motifs learnedby searchingor commonalitiesn the upstreanregions
of thegenesn eachprocess.

the expressiondataacrossall genesand experiments.To gain statisticalcon dence,
we generated ve datasetsfor eachperturbation , andlearneda modelfrom each.
All modelswere evaluatedby their ability to recover the “true” assignmentsf
genedo processeftrueassignmentarethe assignments the sampleddata)by per
forming a pairwiseconsisteng test: we extractedall genepairsappearingn thesame
procesdn our learnedmodel,and computedthe fraction of thesepairs appearingn
thetrue data. We alsotestedthe reverse extractingall the true pairsand computing
the fraction of thesepairsappearingn alearnedmodel. Theresultsaresummarized
in Fig. 3(a),indicatingthatour algorithmreconstructshetruestructurewith very high
accurag evenif 30% of thedatais perturbedgenepairsassignedo the sameprocess
in thetruedata,arelikely to appeatin our learnedmodelandvice versa.Notethatin
fully randomizeddata(100% perturbation)a high fraction of the pairsin thelearned

modelwereindeedpresentn thetruedata( ). Thisoccurssincetherandom-
izeddatacontainamuchwealer patternsaandthetotal numberof pairslearneds small,
ascanbeseenby thepoorcoveragg ) of truepairsin thesemodels.

As anotherevaluation,we measuredhe ability of our learnedmodelsto predict
unseendata, by computingthe likelihood that eachmodel assignsto held out data.
Speci cally, we randomlypartitionedthedatainto ve equallysizedsetsof 100genes
andlearned ve modelsfromall ve possiblecombinationf four sets.For eachsuch
modelwe computedthe likelihoodit assignedo the held out subset.We compared
theseresultsto thelik elihoodthatthe “true” modelfrom which the datawassampled
assignedo the held out testdata. Theseexperimentsverealsoperformedn the pres-
enceof varying levels of perturbations.The resultsare summarizedn Fig. 3(b). As
canbeseenthetestsetlik elihoodis comparabléandevenbetterwith verylittle noise)
for upto 30% perturbationsgroppingsharplyasmorenoiseis added.

Recallthatwhenthe numberof processess large, we resortto the approximation
describedn Section3. To evaluateourapproximatealgorithm,welearnecal2process
model, wherewe could apply the exact algorithm and comparethe results. In our
results, of thegenedadthesameassignmento processes theapproximation
and exact algorithm. However, the training and testsetlikelihoodsof both models



were practically the same,implying that the errorsmadeby the approximationhad
little effect.

5 Biological Analysis

We now considerthe datasetof Gaschet al. [8], who characterizedhe genomicex-
pressionpatternsof yeastgenesn 15 differentexperimentalconditions. We selected
1010geneghathadsigni cant change$n geneexpressior(eliminatingtheESRgenes
for which clusteringis trivial), andthefull setof 173arrays.

We usedthe modeldiscussedbove, with 30 processesOverall, our modelpre-
dictedthat24 genegdonot participaten any processb52genegarticipaten only one
process257in two, 119in three,and58 in four or moreprocessesis a comparison,
we alsotesteda Plaid modelwith 30 processedearnedfrom the samedata. (We ob-
tainedthe Plaid softwarefrom http:/iwww-stat.stanford.edu/~owen/plaid/ .) The
Plaid modelassignednary moregeneso layersthanour modeldid, with 0 genesn
no processesl genein oneprocess# genesn two, 10 genesn three,and995genes
in four or more processes Accordingto Plaid, almostall genesparticipatein four
or moreprocessesa situationnot supportecby currentbiologicalunderstandingWe
notethatthe runningtime of our algorithmwas30 minuteson a 700MHZ Pentium4,
comparedo 1 minutefor runningPlaid onthe samemachine.

To evaluatewhetherourassignmentarebiologically plausible we checledwhether
thegenesassociatetvith eachprocesshovedany enrichmenfor known annotations.
Todoso,weusedtheGO[1] andKEGG [2] databasewhich assigngenedo adiverse
setof functional categgoriesand biological pathways, respectiely. For eachprocess
andeachannotationwe countedthe numberof genesrom the processwith thatan-
notation,andcomparedhatto the total numberof genesin our datasewith thatan-
notation. If a processwe learnedindeedcorresponds$o known biological processes,
thenwe expectthe learnedprocessto containa high fraction of the geneswith the
correspondingnnotation. For eachcombinationof process andannotation , we
canusethe hypergeometridistribution andassigna statisticalsigni cance (p-value)
measuregorrespondingo the probability thata randomlyselectedyroupof genesof
the samesize have similar enrichmentfor . We performedthis evaluationfor our
processeghelayersfoundby the Plaidmodel,andclustersirom a standaratlustering
procedure.

Theweb supplemento this paper(http://cs.stanford.edu/"eran/psh03 ) lists
the 30 processesalong with all annotationshat were signi cant with a p-value of

or lower in eitherour modelor in Plaid, wherewe removed somerepetitve
annotationgrom GO. Overall,we discoseredhighly signi cant processegelatingto a
variety of cellularfunctions.Theseincludedoxidative phosphorylationyarioustrans-
port processegyroteinfolding, glycolysis,lipid metabolismaminoacid metabolism,
carbohydratenetabolismproteinmembrandargeting,ribosomalbiogenesisandcell
cycle control. Someof the strongeractive processewe identi ed werealsopresents
Plaidlayers,but Plaid layerstypically includedmary extraneougienesrenderingthe
patterndessclear For example,neutrallipid metabolismappearsasa procesof
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Figure4: (a) Scattemplot of the negative log p-valueof differentGO andKEGG annotationgor layersin
Plaidontheonehand(X axis)andprocesses our framevork ontheother(Y axis). Eachpointcorresponds
to oneannotation.(b) Scatterplot of the negative log p-value of differentGO andKEGG annotationgor
clustersfrom Pearsorclusteringon the onehand(X axis)andprocesses our framevork on the other (Y
axis). (c) Correlationbetweerall genesotincludedin theanalysisandthelearnedactvity levels. For each
genethebestcorrelation(or anti-correlation)s plottedaswell asthebestcorrelationachieved for thatgene
afterpermutingits expressiormeasurement§ hegenesaresortedby bestcorrelations.

geneswith a p-valueof in our model,while in Plaidit appearedn alayer
of geneswith a p-valueof . Also, proteinfolding appearesa process
of  geneswith ap-valueof in our model,while the correspondingdlaid
layerhad geneswith a p-valueof . Fig. 4(a) shaws a scattemplot com-
paringthe p-valuefor the GO and KEGG annotationghatcameup. We canseethat
in mostcaseg122 of 135 casedor pvalueof or lower), the p-valueachieved
by our approachwasalwaysbetterandoftenmuchbetterthanthatachiesedby Plaid.
We performeda similar comparisorio astandardhierarchicaktlusteringalgorithm[6],
wherewe cutthe hierarchyat 30 clustersto allow for acomparisorto our model. The
resultsareshavn in Fig. 4(b), whereagainthe majority of annotationsappearedvith
greatersigni cancein our model.

If genesassignedo the sameprocessndeedparticipatetogetherin a biological
processthenthe cell musthave someregulatorymechanisnby which it cancoordi-
natetheir activity. One suchmechanisrmis a sharedDNA binding site (or multiple
sites)recognizedy atranscriptionfactor(or several). To testwhethergeneshatwe
associateavith a processhareDNA bindingsites,we extractedthe promoterregions
of all geneg500bpupstreanof translationstartsite) andapplieda discriminative mo-
tif nder [13], searchingor motifs of length15. Theresultof thesearchis a standard
positionspeci ¢ scoringmatrix (PSSM)which canthenbe usedto computewhich
geneshave thebindingsite de ned by the PSSMandwhich do not. Fromthis we can
derive astatisticalsigni cancemeasurassessintghe uniquenessf thebindingsiteto
the setof genesassociatedavith the procesgelative to the entiregenesn the dataset.
The consensusequenc®f the bestPSSMslearnedalongwith the statisticalsigni -
canceof the PSSMto the processaresummarizedn Fig. 3(c). Overall, we wereable
to nd uniquebindingsitesin thesetof genesn eachprocesgseewebsupplementor
full list), oftenwith striking signi cance,consistentith signi cant annotationsden-
tied for eachprocessusing GO or KEGG. For example,we found a highly unique
DNA bindingsite (p-value ), occurringin the promotemregion of 28 of the



35 genesdn theoxidative phosphorylatiorpathway (proces23), comparedo 102 ap-
pearances theremaining976 genesn the datasetsuggestingossibleregulationof
the pathway by this bindingsite. Indeed the coreelementf this bindingsiteis ,
which is theknown targetfor the transcriptionfactorregulatorof oxidative phospho-
rylation, HAP4.

In additionto the assignment®f genesto processespur approachattemptsto
reconstructhe actvity levels of eachprocess in eacharray , ascapturedby the
posteriommeanof . For eachprocessye canthusconstrucia vector of the
actvity levelsof acrossall arrays . We examinedtheseactiity levels, and
foundthatthey werebiologically plausiblefor theirrespectie processeds-or instance,
theprocessassociatedvith proteinfolding (procesd 8) hadhigh activity levelsduring
heatshockand exposureto diamide,andlow actiity levels during aminoacid and
nitrogendepletionre ecting accuratelythebiologicalfunctionof theprocess.

Also, genesassociatedvith process shouldhave highcorrelationdbetween
andtheir averageexpressioracrossall experiments.Indeed,a large numberof genes
wereeitherhighly correlated 286 geneswith correlation  or above) or highly anti-
correlated13 geneswith correlation or belaw).

Much moreexciting is to measureghe correlationbetweerthe vectorsfor all
processes andthe geneghatwerenotincludedin ouranalysis.Dueto theway
in which we selectedthe genesfor our analysis,the genesincludedarelikely
to containonly a fraction of the genesassociatedvith eachprocess. If our model
learnedactiity levelsthatindeedcorrespondo actiity levels of realprocesseshen
we expectto seehigh correlationshetweersomeof theleft out genesandour learned
activity levels. Indeed thereweremary suchgenes:614of correlationabove  and
2520f correlationbelow . To testwhetherthis phenomenorouldhave happened
by chance we permutedthe vector of expressionmeasurementfor eachgeneand
recomputedhe correlations.The resultsare summarizedn Fig. 4(c), demonstrating
thatit is highly unlikely thatour computectorrelationscould have resultedby chance,
asthe mostsigni cant correlationachievedfor ary of the permutedgeneswas

. Surprisingly the distributionsof the correlationmeasurementwereidentical
betweerthe genedncludedin theanalysisandthosenotincluded(datanot shown).

Interestinglytherewereseveralcasesvherethelearnedorocessctvity levelshad
high correlationto the expressiorof known regulators(e.g.,transcriptionfactors)not
includedin the analysis. The web supplementists all regulatorswith high correla-
tion (or anti-correlation)}to any process.Overall, we had  uniqueregulatorswith
correlationabove  , of which  hadcorrelationabore , and uniqueregula-
torswith correlationbelow , of which 5 had correlationbelon . For  of
the processesye learnedactiity levelsthat had extremelyhigh correlationwith
known regulators. Wheninformationaboutthe regulatorwas availablein the litera-
ture,we couldverify thatthe regulatorthatwashighly correlatedo a processindeed
wasknown to regulatethe genesassociatedvith thatprocess.For example,CLB2, a
G2/M phasespeci ¢ cyclin, hadcorrelation with process , whichin turn has
signi cant cell cycle relatedannotationsEvenwheninformationwasnot availableto
verify our proposedegulationrelationshipsthe regulatorswereknown to berelated
to glucosestanation, cell wall stress,cell growth, cyclic AMP, ribosomesynthesis,



nitrogenstanationandmating,all processeknown to beaffectedby the conditionsin
the Gasch8] dataset.

6 Conclusions

In this paper we have presentedh probabilisticframework for extracting biological
processefrom geneexpressiondata. Unlike mostclusteringmethods pur approach
doesnot attemptto associateachgenewith a singleprocess.Rather it attemptsto
explain eachgenes expressiorlevel asa sumof of the actiity levelsof the processes
towhichis belongs.For eachprocessyve learna setof geneghatareassociatedavith
theprocessandthe extentto which theprocesss active in eacharray

We compareaurapproactio thePlaidmodelof [11], thatusesarelateddecompo-
sition,andshavedthatourapproachextractsprocessethataremoreclearlyidenti ed
with biologicalfunctions.In generalwe shovedthatourapproactprovidesacoherent
globalpictureof biologicalprocesses.

An importantadvantageof our approachss thatit is partof a generalprobabilis-
tic framawork for biological processesas describedn [14, 13]. Thus, it provides
a mechanismby which we canintegrate heterogeneoudatasources suchasarray
annotationsglinical outcomespr promoterregion sequencesnto a single coherent
framework. Thus,for example,following [13], we couldtry to directly identify pro-
cessedasedotonly ontheexpressiordata,but alsoontheexistenceof sharednotifs
in the promotemegion. We intendto explorethis extensionandothersin futurework.
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