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ABSTRACT

We presenta probabilisticframevork that modelsthe processhy
which transcriptionalbinding explains the mRNA expressionof
differentgenes.Our joint probabilisticmodelunifiesthe two key
componentsf thisprocessthepredictionof generegulationevents
from sequencenatifs in the genes promoterregion, andthe pre-
diction of MRNA expressiorfrom combination®f generegulation
eventsin differentsettings. Our approachhasseveral advantages.
By learningpromotersequencenotifs that are directly predictve
of expressiondata,it canimprove theidentificationof binding site
patterns. It is also able to identify combinatorialregulation via
interactionsof differenttranscriptionfactors. Finally, the general
framework allows usto integrateadditionaldatasourcesincluding
datafrom the recentbindinglocalizationassays.We demonstrate
our approachon the cell cycle dataof Spellmanet al., combined
with the bindinglocalizationinformationof Simonetal. We shav
thatthelearnedmodelpredictsexpressiorfrom sequenceandthat
it identifiescoherento-regulatedgroupswith significanttranscrip-
tion factormotifs. It alsoprovidesvaluablebiologicalinsightinto
thedomainvia theseco-regulated‘modules”’andthecombinatorial
regulationeffectsthatgoverntheir behaior.

1. Intr oduction

A centralgoal of molecularbiology is the discovery of thereg-
ulatory mechanismgoverningthe expressionof genesn the cell.
Theexpressiorof ageneis controlledby mary mechanismsA key
junctionin thesemechanisms mRNA transcriptionregulationby
variousproteins known astranscriptionfactors (TFs), thatbind to
specificsitesin the promoterregion of a geneandactivate or in-
hibit transcription. Loosely speakingwe canview the promoter
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region asan encodingof a “program; whose“execution” leadsto
the expressionof differentgenesat differentpointsin time andin
differentsituations.To afirst-orderapproximationthis “program”
is encodedby the presencer absencef TF binding siteswithin
thepromoter In this paperwe attemptto constructa unifiedmodel
that relatesthe promotersequenceo the expressionof genes,as
measuredby DNA microarrays.

Therehave beensereral attemptsto relate promotersequence
dataandexpressiondata. Broadly, thesecanbe classifiedashbeing
of oneof two types.Approachesf thefirstandmorecommontype
usegeneexpressionmeasurement® definegroupsof genesthat
arepotentiallyco-regulated. They thenattemptto identify regula-
tory elementdy searchingor commonality(e.g.,acommonlyoc-
curringmotif) in thepromotemregionsof thegenesn thegroup(see
for example [5, 21, 26, 29, 31]). Approachesf the secondype
work in the oppositedirection. Theseapproachesirst reducethe
sequencelatainto somepredefinedeaturesof the gene,e.g.,the
presencer absencef variouspotentialTF bindingsites(usingei-
theranexhaustve approachsay all DNA-wordsof length6-7,or a
knowledge-basedpproachsay all TRANSFAC [32] sites). They
thentry andexploit thesefeaturesaswell astheexpressiordatain a
combinedwvay. Somebuild modelsthatcharacteriz¢heexpression
profilesof groupsor clustersof genege.g.,[3, 27, 7]). Othersat-
temptto identify combinatoriainteractionof transcriptionfactors
by scoringexpressiorprofilesof groupsof geneshaving a combi-
nationof theidentifiedmotifs [24].

Unlike the approacheslescribedabove, our aim is to build a
unifiedmodelthatspanghe entireprocessfrom theraw promoter
sequenceao the obsered genomicexpressiondata. We provide a
unified probabilisticframawvork, thatmodelsboth partsof the pro-
cessin a single framavork. Our modelis orientedarounda set
of variablesthatdefine,for eachgeneg andtranscriptionfactort,
whethert regulatesg by bindingto g’'s promotersequenceThese
variablesare hidden,and a key part of our learningalgorithmis
to inducetheir valuesfrom the data. The modelthencontainstwo
components.Thefirst is a modelthat predicts,basedon g's pro-
motersequencewhethert regulatesg (or moreprecisely whent
is active, whetherit canregulateg). The secondpredicts,basedn
the regulationeventsfor a particulargeneyg, its expressionprofile
in differentsettings.

A key propertyof our approachs that thesetwo components
arepartof asinglemodel,andaretrainedtogetherto achieze max-
imum predictiveness. Our algorithm therebysimultaneouslydis-



coversmotifs thatare predictive of geneexpressionanddiscovers
clustersof genesvhosebehaior is well-explainedby putative reg-
ulationevents.

Both componentsf ourmodelhave significantadvantagever
othercomparableapproachesThe componenthat predictsregu-
lation from the promotersequenceisesa novel discriminative ap-
proach,thatavoids mary of the problemsassociateavith model-
ing of thebackgroundequenceistribution. Moreimportantly the
componenthatpredictsmRNA expressiorfrom regulationlearnsa
modelthatidentifiescombinatorialnteraction®of regulationevents.
In yeastcell-cycle data,for example we mightlearnthat,in the G1
phaseof thecell cycle, geneghatareregulatedby Swi6 andSwi4
but notby Mcm1 areover-expressed.

Finally, our useof a general-purposerobabilisticframevork
allows us to integrate other sourcesof informationinto the same
unified model. Of particularinterestare the recentexperimental
assaydor localizing binding sitesof transcriptionfactors[25, 28].
Theseattemptto detectdirectly to which promoterregionsa par
ticular TF proteinbindsin vivo. We shav how the datafrom these
assaysanbeintegratedseamlesslyndcoherentlyinto our model,
allowing usto tie aspecifictranscriptiorfactorwith acommonmo-
tif in the promoterregionsto whichit binds.

We demonstrat®ur resultsin analysisof yeastcell cycle. We
combinethe knovn genomicyeastsequencd8], microarrayex-
pressiondataof Spellmanet al. [30], andthe TF binding local-
ization datafor 9 transcriptionfactorsthat are involved in cell-
cycleregulationof Simonetal. [28]. We shav thatour framevork
discovers overlappingsetsof genesthat strongly appearto be co-
regulated boththeir manifestatiorin the geneexpressiordataand
in the existenceof highly significantmotifs in their promoterre-
gion. We alsoshaw thatthis unified modelcanpredictexpression
directly from promotersequenceFinally, we presenthow our al-
gorithm alsoprovidesvaluablebiological insightinto the domain,
including cyclic behaior of the differentregulatoryelementsand
someinterestingcombinatoriainteractionsetweerthem.

2. Model Overview

In this section,we give a high-level descriptionof our unified
probabilisticmodel. In the subsequensectionswe elaborateon
the detailsof its differentcomponentsanddiscusshow the model
canbetrainedasa singleunified whole to maximizeits ability to
predictexpressiorasafunctionof promotersequence.

Our modelis basedon the languageof probabilistic relational
models(PRMs)[20, 12]. For lack of spacewe do not review the
generalPRM framework, but focus on the detailsof the model,
which follows the applicationof PRMsto geneexpressionby Se-
gal etal. [27]. A simplified versionof our modelis presentedn
Fig. 1(a). We now describesachelementof themodel.

The PRM frameawvork representthedomainin termsof the dif-
ferentinteractingbiological entities. In particular we have anob-
ject for every geneg. Eachgeneobjectis associatedvith several
attributesthatcharacterizé. Mostsimply, eachgenehasattributes
9.S1,...,9.S, that representhe basepairsin its hypothesized
promotersequencefor example,we mighthave g.S1 = A. More
interestingly for every transcriptiorfactor(TF) ¢, agenehasareg-
ulation variable R(t), whosevalueis true if ¢ bindssomavhere
within g’s promotemregion, indicatingregulation(of sometype) of
g by t. Theregulationvariablesdependirectly on the genes pro-
motersequencewith eachTF having its own model,asdescribed
in Section3.1. Notethattheregulationvariablesarehiddenin the
data;in fact,animportantpartof our taskis to infer their values.

In addition,aswe mentionedpur approactellows theincorpo-
ration of datafrom binding localizationassayswhich attemptto

measurehe extentto which a particulartranscriptionfactor pro-

tein bindsto a genes promoterregion. This measurementow-

ever, is quite noisy andit provides, at best, an indication as to

whetherbinding hastaken place. Onecanascriberegulationonly

tothosemeasurementgherea statisticalignificanceestindicates
a very stronglikelihoodthat binding actuallytook place[28], but

it is thenmisleadingto infer that binding did not take placeelse-
where.Ourframevork providesa naturalsolutionto this problem,
wherewe take the actualregulationvariablesto be hidden,but use
localizationmeasurementasa noisy indicator of the actualregu-

lation event. More precisely eachgeneg alsohasa localization
variableL(t) for eachTF ¢, whichindicatesthe valueof the statis-
tical testfor thebindingassayfor t andg. Ourmodelfor thevalues
of this variableclearly dependon whethert actuallyregulatesg;

for example, valuesassociatedvith high-confidencebinding are
muchmorelikely if g.R(t) takesthe valuetrue. We describethe
modelin detailin Section3.2.

The secondmain componenbdbf our modelis the descriptionof
expressiordata. Thus,in additionto geneobjects we alsohave an
objecta for every array andanobjecte for every expressiormea-
surementEachexpressiore is associateavith agenee.Gene= g,
anarraye.Array = a, andareal-valuedattributee.Level, denoting
themRNA expressiorievel of thegeneg in thearraya. Arraysalso
have attributes;for example,eacharraya might beannotatedvith
thecell-cycle phaseatthepointthe experimentwasperformedde-
notedby a.Phase As the arrayattributesarenot usuallysuficient
to explain thevariability in the expressiormeasurementsye often
alsointroducean additionalhiddenvariable a.ACluster for each
array which can captureother aspectf the array allowing the
algorithmboth to explain the expressiordatabetter andto gener
ate more coherentand biologically relevant clustersof genesand
experimentalkconditions.

Our modeldefinesa probability distribution over eachgeneg’'s
expressionlevel in eacharraya asa (stochasticYunction of both
thedifferentTFsthatregulateg andof the propertieof thespecific
experimentusedto producethe arraya. Thus,we have a model
that predictse.Level asa (stochasticfunction of the valuesof its
parentsg.R(t) anda.Phasegwhereg = e.Geneanda = e.Array).
As wediscussn Section3.3,our modelfor expressiorlevel allows
for combinatorialinteractionsbetweenregulation events, as well
asregulationthat variesaccordingto context, e.g.,the cell-cycle
phase.

The modelthat we learn hasa very compactdescription. As
we discussbelan, we learn one position specificscoring matrix
(PSSMyor eachTF ¢, whichis thenusedto predictg. R(t) fromthe
promotersequencef g for all geneg. Similarly, we learnasingle
modelfor e.Level asafunctionof its parentswhichis thenapplied
to all expressiormeasurements ourdataset.However, theinstan-
tiation of the modelto a datasetis quitelarge. In a specificinstan-
tiation of the PRM modelwe might have 1000geneobjects,each
with 1000 basepairsin its promotemregion. We mightbeinterested
in modeling9 TFs,andeachgenewould have aregulationvariable
for eachof them. Thus, this specificinstantiationwould contain
9000regulationvariables.Our geneexpressiordatasemight have
100arrays,sothatwe have asmary as1000 x 100 expressiorpb-
jects(if no expressionsaremissing). Thus,aninstantiationof our
modelto a particulardatasetancontainalarge numberof objects
andvariableshatinteractprobabilisticallywith eachother There-
sulting probabilisticmodelis a Bayesiannetwork[22], wherethe
local probability modelsgoverning the behaior of nodesof the
sametype(e.qg.,all nodesg. R(t1) for differentgenegy) areshared.
Fig. 1(b) containsa smallinstantiationof suchasnetwork, for two
geneswith promotersequencef length3, two TFs,andtwo arrays.
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Figure 1: (a) PRM for the unified model. (b) An instantiation of the PRM to a particular datasetwith 2 geneseachwith a promoter
sequenceof length 3, 2 TFs, and 2 arrays. (c) An exampletree-CPDfor the e.Level attrib ute in terms of attrib utes of e.Gene and

e.Array.

3. A Unified Probabilistic Model

In this section,we provide a more detaileddescriptionof our
unified probabilisticmodel,asoutlinedabove. Specifically we de-
scribethe probabilisticmodelsgoverning: theregulationvariables
g.R(t); thelocalizationvariablesg. L(t); andthe expressionlevel
variablese.Level In thenext sectionwe discusshow themodelas
awholecanbelearnedrom raw data.

3.1 Model for SequenceMotifs

Thefirst partof ourmodelrelatesthepromoterregion sequence
datato the Regulatesvariables. Experimentabiology hasshavn
that transcriptionfactorsbind to relatively short sequencesand
that there can be somevariability in the binding site sequences.
Thus, moststandarcapproacheo uncovering transcriptionfactor
binding sites,e.g.,[1, 26, 29], searchfor relatively shortsequence
motifsin theboundpromotersequences.

A commonway of representinghe variability within the bind-
ing siteis by usinga positionspecificscoringmatrix (PSSM).Sup-
posewe aresearchingor motifs of lengthk (or less). A PSSMw
isak x 4 matrix,assigningor eachposition: = 1, ..., k andlet-
terl € {A, C, G, T} aweightw;[l]. We canthenscorea putatve
k-merbindingsite S = s, ..., s by computingPSSM(S, &) =
>, wilsq].

The questionis how to learnthesePSSMweights. We startby
defining the model more carefully Recallthat, our model asso-
ciates,with eachgeneg, a binaryvariableg.R(t) € {true, false}
which denotesvhetherthe TF ¢ regulatesthe geneor not. To sim-
plify notationin this subsectionywe focusattentionon the regula-
tion for a particularTF ¢, anddrop the explicit referenceto ¢ from
our notation. Furthermorerecallthat eachgeneg hasa promoter
sequencg.S1,.. ., 9.y, whereeachS; € {A,C,G,T}.

Thestandardipproachew learningP SSMis by trainingaprob-
abilistic modelof bindingsitesthatmaximizesthelik elihoodof se-
guenceggiven the assignmenbf the regulatesvariables)[1, 26].
Theseapproachesely on a clearprobabilisticsemanticof PSSM
scoresWedenoteby 8o theprobabilitydistributionover nucleotides
accordingo thebackgroundnodel. For simplicity, we useaMarkov
procesf order0 for thebackgroundlistribution. (As we will see,
the choiceof backgroundnodelis not crucialin thediscriminatve
modelwe develop.) We usei); to denotethedistribution of charac-
tersin the jth positionof thebindingsite. Themodelthenassumes
thatif ¢ regulatesy, theng’spromotersequencéasthebackground
distribution for every positionin the promotersequenceexceptfor

aspecifick-mer, i + 1, ...,7+ k, wheret bindsto it. If t doesnot
regulateg, we have the backgroundlistribution for all positionsin
thesequenceThen,

P(Si,...,5, | g.R = false) 11, 90[Se]
P(S1,...,5, | g-R = true)
1, 6o[S:] 5, 5 1L, et
wherewe assume uniform prior over the binding positionin case
of regulation?

The probabilisticapproachesrain the parameters;[!] to max-
imize the probability of the training sequenceOncetheseparam-
etersarefound, they setthe PSSMweightsto wi(l] = log %:/.
Suchapproachearegeneative, in the sensethatthey try to build
a model of the promoterregion sequenceand training succeeds
whenthe modelgivesthe given sequencekigh probability How-
ever, theseapproachesan often be confusedby repetitive motifs
that occurin mary promotersequencesThesemotifs have to be
filtered out by usinganappropriatébackgroundlistribution [31].

We approactthis problemfrom a differentperspectie. Recall
thatour aimis to modelthe dependencef the genes genomicex-
pressiorprofile onits promotersequencekFor this task,we do not
needto modelthe sequencewe needonly estimatethe probability
thatthe transcriptionfactorregulatesthe genegiven the promoter
region. Thus,it suficesto find motifs that discriminatebetween
promoterregions where the transcriptionfactor binds and those
whereit doesnot. As we shaw, this moredirectedgoalallows usto
avoid theproblemof learningbackgroundlistribution of promoters
andto focusontheclassificatiortaskat hand.

More formally, we areonly interestedn the conditionalproba-
bility of g.R giventhesequencéy, ..., S,. If we have amodelof
theform of (1), andapply Bayesrule, we obtain:

P(g.R =true| Si,...,Sn) = logit(z)

@)

wherelogit(x) = 1+;_2 is thelogistic function. and
P(S1,...,S,,9.R =true)
— l 3 ) )
v % P(S1,..., 5, 9.R = false

3 P(g.R=true) 1 ;e ilSis]
= log (P(g.R —fals® n — k ;1;[1 90[5;3-])

WhereP(R = true) is theprior onbindingoccurrence.

!SomemethodssuchasMEME [1], relaxtheassumptiorof asin-
gle bindingsite. For lack of spacewe omit this extensionhere.



For the goal of predictingthe probability of g. R given the se-
quencethe backgroundprobabilitiesareirrelevantasseparatga-
rametersinsteadwe canparameterizéhe model(2) simply using
k position-specifioveightsw; [I] andathresholds = log %.
Thus,we write

P(g.R=true| S1,...,S,) = ,
logit (1og (725 =, exp{wilsis})) @

Aswediscussn Sectiond.1,wecantraintheseparameterdirectly,
soasto bestpredictg. R.

3.2 Localization Model

Localizationmeasurementsyhenavailable,provide strongevi-
denceaboutregulationrelationshipsTo integratethis datainto our
model,we needto understandhe natureof the localizationassay
Roughly speaking theseexperimentsmeasurethe ratio of “hits”
for eachDNA fragmentbetweena control setof DNA extracted
from cells,andDNA thatwasfiltered for binding to the TF of in-
terest. This assayis noisy andthuswe cannotsimply “read off”
binding. Instead the experimentalprotocol[25] usesa statistical
modelto assigna p-valueto variousratios. A ratio with a small
p-valuesuggestsignificantevidencefor bindingby the TF. Larger
p-valuescanindicatea wealer binding or experimentahoise.

A naie approachwould be to assertsimply thatbinding takes
placeif the p-valueis belav somethreshold,and doesnot occur
otherwise. This approachhowever, is nawve, first becausesven
smallp-valuesdo not guarantedinding, but mostimportantly be-
causesomevhat larger p-valuesthat are above our threshold,al-
thoughnot definitive, might still be suggestie of binding.

Thus,a moreappropriatemodelis to treatthe localizationex-
perimentasa noisysensomf theReyulatesvariablesg. R(t). More
precisely for eachTF ¢ for which we have localizationmeasure-
ments,we introducea new variable L(t), suchthat g.L(t) repre-
sentsthelocalizationevidenceregardingthebindingof ¢ to g. The
valueof g.L(t) is the p-valuecomputedn the experimentalassay

It remainsto determinehow to modelthe connectionbetween
the “sensor” g. L(t) andthe actualevent g.R(¢). In our proba-
bilistic framework, we cansimply introducea probabilisticdepen-
deny of g.L(t) on g.R(t), using P(g.L(t) | g.R(t)) to specify
our model of this interaction. Therearetwo cases.If g.R(t) =
false we expectg.L(t) to bedeterminedby the noisein theassay
By design,the statisticalprocedureusedis suchthat P(g.L(t) |
g.R(t) = false) hasauniformdistributionon [0, 1] (thisis exactly
the definition of the p-valuehere). If g.R(t) = true, thenwe ex-
pectg.L(t) to be small. We chooseto modelthis usinga density
p(g-L(t) = p | g.R(t) = true) = cexp(—wp), the exponential
distribution with weightw, wherec = w/(1 — exp(—w)) isanor
malizationconstanensuringthatthe densityfunctionintegratesto
1. Basednexaminationof p-valuesin theexperimentof Simonet
al., we choosew = 20 in our experiments.Now, oncewe obsere
g.L(t), theprobability of this obseration propagateso g.R(t). If
g.L(t) is very small, thenit is morelikely thatit was generated
from g.R(t) = true. If it is larger, thenit is moreprobablethatit
wasgeneratedrom g.R(t) = false This modelallows usto use
thelocation-specifibinding dataasguidancefor inferring regula-
tion relationshipswithoutmakingoverly strongassumptiongbout
theiraccurag.

3.3 Model for GeneExpression

We now considerthe secondmajor componeniof our unified
model:the dependencef thegenes expressiorprofile onthetran-
scriptionalregulationmechanismsMore preciselyourmodelspec-

ifies haw, in differentexperimentalconditions,variousTFs com-
bine to causeup-regulation or down-regulation of a gene. From
a technicalperspectie, we needto represent predictive model
for e.Level basedbn theattributesof the correspondingeneg and
arraya. Thereare mary possiblechoicesof predictve models.
Oneobviouschoiceis linearregressionwherewe hypothesizéhat
the expressionlevel is normally distributedarounda value,whose
meanis a linear function of the presenceor absenceof the dif-

ferentattributes(similar to Bussemaér et al. [7]). However, this
approachis limited in two ways. First, one hasto provide spe-
cial treatmenffor attributeswhosevalue spaceis nominalbut not
binary, e.g.,the cell cycle phase.A far morefundamentalimita-

tion is that a linear regressiormodel capturesonly linear interac-
tions betweenthe attributes,while it is well-known thatthe inter-

actionsbetweenTF thatleadto activation or inhibition are much
morecomple, andcombinatoriain nature.

Following our earlierwork [27], we chooseto usethe frame-
work of tree-structureadonditionaldistributions[4, 13], a formal-
ism closelyrelatedto decisiontrees. This representatioiis attrac-
tivein this settingsinceit cancapturemultiple typesof combinato-
rial interactionsandcontet specificeffects.

Formally, atree-structued CPD T for avariableX givensome
setof attributesVi, ..., V, is arootedtree; eachnodein the tree
is eithera leaf or aninterior node Eachinterior nodeis labeled
with atestof theformV = v, for V- € {V4,...,V,} andv one
of its values. Eachof theseinterior nodeshastwo outgoingarcs
to its children, correspondingo the outcomesof the test(true or
false). Eachof theleavesis associatedvith a distribution over the
possiblevaluesof X. In our case, X is the expressionevel, and
thereforetakes real values. We thereforeassociatevith eachleaf
£ a univariate Gaussiardistribution, parameterizedy a meang,
andvariances?. Fig. 1(c) shavs anexampleof a partialtree-CPD.
We useSt to denotethe qualitative structureof thetree,anddr to
denotetheparameterattheleaves.

In our domain,thetestsin the tree-CPDare aboutattributesof
the gene,(e.g.,¢g.R(Swi6) = true) or attributesof the array(e.qg.,
a.Phase= 9). Eachleaf correspondso a groupingof measure-
ments.Thisis a“rectangle”in theexpressiordatathatcontainshe
expressionlevels of a subsetf geneg(definedby the testson the
geneattributes)in a subsetof the arrays(definedby the testson
arrayattributes).

It is importantto realizethat the tree-CPDrepresentatiorcan
encodecombinatorialinteractionshetweendifferent TFs. For ex-
ample,asshavnin thefigure,in arraysn cluster3, exceptfor those
in phaseS of the cell cycle, genesthat are regulatedby Swi6 and
not Fkh2arehighly overexpressedwhereaghosethatarealsoreg-
ulatedby Fkh2 areonly very slightly overexpressed.In addition,
thetreecanmodelcontet specificinteractionswheredifferentat-
tributespredicttheexpressiorevelin differentbranche®f thetree.
In our domain this cancapturevariationof regulationmechanisms
acrosdifferentexperimentalconditions. For example,in phaseS
of thecell cycle, the setof relevant TFsis completelydifferent.

4. Learning the model

In the previous section,we describedhe differentcomponents
of ourunifiedprobabilisticmodel. In this sectionwe considethow
we learnthis modelfrom data: promotersequencelata,genomic
expressiordata,and(if available)localizationdata.A critical part
of our approachis that our algorithmdoesnot learn eachpart of
the modelin isolation. Rather our modelis trainedasa unified
whole, allowing informationand (probabilistic)conclusionsfrom
onetype of datato propagateandinfluenceour conclusionsabout
anothertype. The key to this joint training of the modelare the



regulationvariables thatarecommonto the differentcomponents.
It isimportantto remembethatthesevariablesarehidden,andpart
of thetaskof thelearningalgorithmis to hypothesizeheir values.

Thereareseveralnontrivial subtaskshatourlearningalgorithm
mustdealwith. First,aswediscussedye needo learntheparame-
tersof thediscriminative motif modelsasdescribedn Section3.1.
Secondwe needto learnboththe qualitative treestructureandthe
parameter$or ourtree CPD.Finally, we needto dealwith thefact
thatourmodelcontainsseveralhiddenvariables:thedifferentReg-
ulatesvariables andthearrayclustervariables We discussachof
thesesubtasksn turn.

4.1 Learning the SequenceModel

Ourgoalin this sectionis to learna modelfor the binding sites
of aTF ¢ thatpredictswell whethert regulatesa geneg by binding
somavherein its promoteregion. We deferthetreatmenof hidden
variablesto Section4.3; hence,we assumefor the moment,that
we aregiven, astraining data,a setof genesgy[1], ..., g[M] and
their promotersequencesndthatwe aretold, for eachgeneg[m],
whethert regulatesg[m] or not.

Given M genesg[1], ..., g[M], andthe valuesof their regu-
lation variableg[m]. R(t), we try to maximizethe conditionallog
probability

Z log P(g[m].R(t) | g[m].S1,. .., g[m].Sxn).

Our taskthereforeis to find the valuesof the parametersu; [c] and
v for the PSSMof ¢ thatmaximizethis scoringfunction. It is easy
to seethatthis optimizationproblemhasno closedform solution,
andthattherearemary localmaxima.Wethereforeuseaconjugate
gradientascentto find alocal optimumin the parametespace.

Conjugategradientstartsfrom an initial guessof the weights
7@, As for all local hill climbing methods,the quality of the
startingpoint hasa hugeimpacton the quality of the local opti-
mum found by the algorithm. In principle, we canuseary motif
learningalgorithmto initialize the model. We usethe methodof
BarashandFriedmar{2], which efficiently scoresnary motif “sig-
natures”for significantover-abundancen the promotersequences
whichtheTF supposedlyegulatesascomparedo thoseit doesnot.
It usesherandomprojectionapproactof BuhlerandTompa[6] to
generatamotif seedsof length 6-15, and then scoresthem using
the hypegeometricsignificancetest. As describedoy Barashand
Friedman,this approachcan efficiently detectpotentialinitializa-
tion pointsthat are discriminative in nature. Eachseedproduced
by this methodis thenexpandedo producea PSSMof thedesired
length,whoseweightssene asaninitialization point for the conju-
gategradientprocedure.

4.2 Learning the ExpressionModel

A secondsubtaskis to learnthe modelassociatedvith the ex-
pressiondata,i.e., the modelof e.Level asa function of geneand
arrayattributes:theregulationvariablesthearrayclustervariables,
andary other attributeswe might have (e.g., the array cell-cycle
phase).Again, we temporarilyassumehat theseattributesareall
obsered,deferringthetreatmenbf hiddenvariableso Sectiord.3.

As we discussedwe usea tree-structuregbrobabilisticmodel
for e.Level with a Gaussiardistribution at eachleaf; hence,our
taskis to learnboththe qualitative structureof the treeandthe pa-
rameterdor the GaussiansOur approachis basedon the methods
usedby Segal et al. [27]; we briefly review the high-level details.
Therearetwo issueghatneedto be addresseda scoringfunction
usedto evaluatethe “goodness”of different candidatestructures

relative to the data,and a seach algorithm that finds a structure
with ahigh scoreamongthe super&ponentiallymary structures.

We useBayesiammodelselectiontechniquego scorecandidate
structureg16, 12] . TheBayesiarscoe of astructureis definedas
the posteriorprobability of the structureS givenadatasetD:

P(S| D) x P(S)/P(D | S,6)P@ | S)do

whereP(S) is the prior over structuresand P(8 | S) is the prior
over parametewraluesfor eachstructure. This expressionevalu-
atesthefit of the modelto the databy averagingthe likelihood of
the dataover all possibleparameterizationsf the model. This av-
eragingregularizesthe scoreand avoids overfitting the datawith
complex models.Whenthetraining datais fully obsered,andthe
likelihoodfunctionandparameteprior comefrom certainfamilies,
Bayesiarscoreoftenhasa simpleanalyticform [16], asafunction
of the sufficient statisticsof thatmodel.

In our case the setof possiblestructuresarethe treestructures
S7. Eachparameterizatiod for the leavesof the treedefinesa
conditionaldistributionover X givenVi, ..., V,. Givenadataset
D = {Vi[m],..., Vy[m], X[m]}2_,, we wantto find the struc-
ture S thatmaximizes

[ TLPXlm | Vilm,.... Vil Sr.,67)P(6r | S7)dor-

If we chooseanindependenhormal-gammaprior over the Gaus-
sianparameterst eachleaf in the tree, this integral hasa simple
closedform solution;see[11, 17] for details.

Having defineda metric for evaluating different models, we
needto searchthe spaceof possiblemodelsfor onethathasa high
score.Asis standardn bothCPD-treeandBayesiametwork learn-
ing [9, 13, 16], we usea greedylocal searchprocedureghatmain-
tainsa “current” candidatestructureand iteratively modifiesit to
increasethe score. At eachiteration, we considera setof simple
localtransformationso thecurrentstructure scoreall of them,and
pick the onewith the highestscore.Thetwo operatorsve useare:
split — replacesa leaf in a CPD-treeby aninternalnode,andla-
belsit with somebinarytestV = v; andtrim — replacegheentire
subtreeat aninternalnodeby a singleleaf. To avoid local max-
ima, we usea variantof simulatedannealing:Ratherthanalways
takingthe highestscoringmove in eachsearchstep,we take aran-
domstepwith someprobability which decaysxponentiallyasthe
searchprogresses.

4.3 Dealingwith Hidden Variables

In this sectionwe presenbur overalllearningalgorithm,which
learnsa single model that predictsexpressionfrom promoterse-
quence.ln asensepur algorithm“puts together"thetwo learning
algorithmsdescribedarlierin thissection.Indeed|f theregulation
(andcluster)variableswvereactuallyobseredin the data thenthat
is all we would needto do: simply run bothalgorithmsseparately
Of course thesevariablesarenot obsered; indeed,inferring their
valuesis animportantpartof ourgoal. Thus,we now haveto learn
amodelin the presencef a large numberof hiddenvariables—
g-R(t) for every g, t, aswell asa.AClusterfor every a.

Themaintechniquewe useto addresshisissueis the expecta-
tion maximization EM) algorithm[16]. However, in applyingEM
in this setting,we have to dealwith the large scaleof our model.
As we discussedalthoughour PRM modelof Fig. 1(a)is compact,
it inducesa comple setof interactions.In the experimentsve de-
scribebelow, we have 795 genes9 TFs, and 77 arrays,resulting
in a Bayesiannetwork modelwith 7242 hiddenvariables. More-
over, the natureof the datais suchthatwe cannottreatgenes(or



arrays)asindependensamples.Insteadary two hiddenvariables
aredependenbn eachothergiventhe obserations(seeFriedman
etal. [12] for anelaboratiorof this point). A key simplificationis
basedn the obserationthatthe two partsof the model— the TF
modelandthe expressionmodel— decouplenicely, allowing us
to dealwith eachseparatelywith only limited interactionvia the
Regulatesvariables.

We begin by learningthe expressionsubmodel. A good ini-
tialization is critical to avoid local maxima. Hence,we initialize
the Regulatesvariableswith somereasonablstartingpoint. Possi-
bilities include: directinferencefrom localizationdata;a verified
sourceof TFs suchasthe TRANSFAC [32] repository;or there-
sults of applyinga motif-discovery algorithmto the resultsof an
expressionclusteringalgorithm (asin [5, 26, 29, 31]). We also
initialize the AClusterattributesusingthe outputof somestandard
clusteringprogram. Treatingtheseinitial valuesasfixed, we then
proceedwith thefirst iterationof learningthe expressiormodel.

Usingthis hardassignmento all of the variableswe begin by
learninga tree-CPD,asdescribedn Section4.2. We thenfix the

tree structure,andrun EM on the modelto adaptthe parameters.

As usual EM consistof: anE-stepwherewe runinferenceonthe
modelto obtaina distribution over the valuesof the hiddenvari-
ables;andanM-step,wherewe take thedistribution obtainedn the
E-stepandusethe resultingsoft assignmento eachof the hidden
variablesto re-estimatethe parametersising standardmaximum
likelihoodestimation.However, computationalteasongpreventus
from executingthis processsimultaneouslyfor all of the hidden
variables— g.R(t) anda.ACluster We thereforeperformanin-
crementaEM update treatingthe variablesa groupat atime. We
leave mostof the variableswith a hard assignmenof values;we
“soften” the assignmento a subsef the variables,andadaptthe
modelassociatedvith them;we thencomputea newv hardassign-
mentto this subsetandcontinue.

More precisely we iterateover TFst, for eachoneperforming
thefollowing process:

e We “hide” the hardassignmento the valuesof the variables
g-R(t) for all g, leaving the othervariables(g. R(¢') for t' #
t, anda.AClustel) with their currenthardassignmentalues.

e We perform an E-step,running inferenceon this modelto
obtaina posteriordistribution for eachvariableg. R(t). Note
that, since g.R(t) is hiddenandis part of both the PSSM
model and the expressionmodel, inferenceis donejointly
on both, andthe posteriorof g.R(t) is determinedoy their
combinedprobabilisticinfluenceon g.R(t) as propagated
throughthe network. We also note that, with fixed assign-
mentsto all theothervariablesthedifferentg. R(t) variables
areall conditionallyindependentso that this inferencecan
be doneexactly andvery efficiently.

o We performanM-step,adaptinghe parameterin themodel
appropriatelySpecifically theM-stepmaychangeghe Gaus-
sianparametersttheleavesin thetree-CPDbecausgenes
nov “end up” at differentleavesin the tree, basedon their
new distribution for g.R(t). Moreover, the M-stepinvolves
updatingthe parameter®f the PSSMmodel. As discussed
in Section4.1,thereis no closedform solutionfor perform-
ing thisupdateandwe thususeconjugategradientascentre-
placingthe hardclassificatiorfor g.R(t) which we assumed
exists in Section4.1, with a soft classificationfor g.R(t),
equalto the posteriorprobability of g.R(t) ascomputedin
the E-step.

e We pick a new hardassignmentor g.R(t) for every g, by
choosingits mostlikely valuefrom the distribution.

This processis executedin a round robin for every TF. A simi-
lar procesds executedfor the variablesa.ACluster. Oncewe fin-
ishtheseEM updatesye eitherterminate or repeatthe whole se-
guenceusingtheupdatedassignmento thehiddenvariablesilearn-
ing the expressionmodel, followed by EM updates.This process
repeatsuntil corvergence.

Fromanintuitive perspectie, our approachis executinga very
naturalprocess.As we mentionedhadthe g. R(t) variablesbeen
obsered, we could have trainedeachpart of the modelseparately
In oursetting,we allow theexpressiordataandthesequenceatato
simultaneouslynfluenceeachotherandtogetherdeterminebetter
estimategor thevaluesof R(t).

5. Experimental results

We evaluatedour algorithmon a combineddatasetrelatingto
yeastcell cycle. The datasetinvolved all 795 genesin the cell
cycle datasetof Spellmanet al. [30]. For eachgene,we hadthe
sequencef the genes promoterregion (1000bpupstreamof the
ORF),thegenes expressiorprofileonthe77 arraysof [30], andthe
localizationdataof Simonetal. [28] for ninetranscriptiorfactors:
Fkh1, Fkh2, Swi4, Swi5, Swi6, Mbp1l, Ace2, Ndd1, Mcm1. To
simplify the following discussionwe useRey; (t) to referto the
setof geneswherethe statisticalanalysisof Simonetal. indicated
bindingby the TF ¢ with p-value0.001 or lower. We useRey(t) to
referto the setof genesy whereour algorithmassigned posterior
probabilityto g. R(t) whichis greaterthan0.5.

5.1 Prediction Tests

We beaganby experimentingwith several differentmodels,in-
volving variousamountsof learning. To objectively testhow each
modelgeneralizeso unobsered data,we used5-fold crossvalida-
tion. In eachrun,wetrainedusing596genesandthentestecbnthe
expressionevelsof theremainingl99 heldbackgenes.The parti-
tion into training andtestsetdonerandomly andall modelsused
exactly the samepartitions. We reportthe averagelog-likelihood
pergene.Differencesn this measurecorrespondo multiplicative
differencesn thepredictionprobabilityfor thetestdata.For exam-
ple,animprovementof +1 in the averageog-likelihoodrepresents
that the expressionlevel predictionshave twice the probability in
thenew modelrelative to the old one.

Themodelsandresultsareasfollows:

e M.y, wherewetriedto predicttheexpressiordatausingonly
the cell-cycle phaseattribute for arraysanda corresponding
G-phaseattribute for genes,which representshe phaseat
whichthegeneis mostactive (se€[30, Supp.data]);average
log-likelihood: —112.24 + 11.42 (standarddeviation).

e M., wherewe tried to predict the expressiondata using
the cell-cycle phaseattribute for arraysand Regulatesvari-
ablesfor geneswhosevalueswere simply setaccordingto
Rey; (t); averagelog-likelinood: —134.87 + 15.29.

e M., whichis thesameasM,;, exceptthatthelocalization
datais treatedasanoisysensoy.L(t) of ahiddenReulates
variableg.R(t); averageog-likelihood: —121.48 + 11.96.

e M., whichintroduceghehiddena.AClusterattributes(with
5 possiblevalues)into M., andtrainsthemodelusingEM;
averageog-likelihood: —103.76 + 5.72.

e M5, which introducesthe sequencalatainto the model
of M.;., giving us our full model; averagelog-likelihood:
—94.59 +4.13.
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Figure 2: (a) Changesin classification of Regulates variables from the initial to the final iteration. (b) Table showing the PSSMs
found in the analysisand summarizing their specificity values. The table reports percent “hits” in 3 groups: A — genesin Reg; (t);

B — genesin Reg(t); C — not in Reg(t). The table also reports specificity p-value for the regulatedgenes. (c) Figure of putative
combinatorial interactions basedon the M,;, model. (d), (e) & (f) Plots of the average expressionfor subsetsof genesregulated
by differ ent combinations of TFs. The z-axis denotesarrays along the four time coursesof Spellmanet al., and the y-axis denotes
averageexpressionlevel of the genesin eachgroup. The cell cycle phaseis shavn by by the thin gray line that with peaksin the G1

phaseand tr oughsin the G2 phase.

We seethatour baselinemodel M., doesfairly well, whichis
not surprising: The G-phaseattributeswere chosenspecificallyto
be an accuratedescriptionof the expressionprofile of the genes.
More interestingis the comparisonbetweenthe other four mod-
els. We canseethatthelocalizationdataalonecanexplain only a
smallpartof the data,andachievesafairly poorpredictive perfor
mance.Thisis mainly dueto theconserative approactof Simonet
al. [28], who selectedhe thresholddefiningRey;, (¢) to minimize
the numberof falsepositives; thus, mostof the genesin our data
sethadall the Regulatesattributessetto false.

Treatingthelocalizationdataasanoisysensoonly andrunning
EM improvesthe accurag of the predictions. An examinationof
the datashaws thatthe EM processsubstantiallychangeghe val-
uesof the Regyulatesvariablesfrom their initial valuesaccording
to Rey;, primarily by addingnew genesfor which regulationis
hypothesizedi.e., wherethe mostlikely value of g.R(t) is true.
(We discussthis issuefurtherbelon.) Thenew R(t) variablesare
trainedto be muchmore predictive of the expressiondata,soit is
notsurprisingthattheresultingmodelachiezesa higherscore.The
additionof the AClusterattributesalsoimprovesthe scoresubstan-
tially, asthefive-valuedcell cycle phaseattribute is notenoughto
distinguishbetweenqualitatively very differentarrays. For exam-
ple, someof the clusterscaptureddistinctionssuchas“early” vs.
“late” in the time series.Thesedistinctionsareimportant,aslater
measurementsst synchronizationo a certaindegreeandthusare
less“sharp”. Finally, mostinterestingis the fact that, by intro-
ducingthe sequencewe geta very substantiabdditionalboostin

predictve accurag.

We attemptedo isolatethe sourceof this lastimprovementin
accurag. We testedthe full model M,;, onthetestdata,but giv-
ing it only the sequenceénformation, ratherthan both the local-
ization and sequencénformation, asin our previous experiment.
In otherwords,althoughthe modelwaslearnedusinglocalization
data,in the testdatawe are predictingthe expressionlevel using
only the sequencelata. In this case the averagelog-likelihoodis
—95.36 + 3.90, which is almostindistinguishabldrom the result
giventhe localizationdataaswell. This resultis quite important,
becauset suggestshat our modelhas,indeed,learnedto predict
the expressiordatadirectly from sequencelata!

5.2 Inferring Regulation

One of the main factorsthat contribute to the succesof the
learningalgorithmis its ability to changethe classificationof the
R(t) variablesfrom their original valuesas determinedby local-
ization alone. The algorithm changeghesevariablesto provide a
betterexplanationof thetrainingdata.The only constraintsn this
transformatiorarethoseimposedby our choiceof the probabilistic
modelfor localization,which makesit very likely thatif the bind-
ing of ¢ to g wasassociatedvith alow p-value,thevalueof g.R(t)
will remaintrue. Indeed f we examinethegenedor which g. R(¢)
changedts value,we seethatthe valuechangedrom true to false
for at most 1 or 2 genesper TF. Thus, the proceduremainly in-
troducednew genesinto Rey(t). Fig. 2(a) compareghe original
andfinal numberof genesin Rgy(t). We seethat the procedure



increasedhe numberof regulatedgenedor all the TFs. For some
TFs(e.g.,Ndd1, Swi4), the changewasfairly minor; others(e.g.,
Fkh1,Fkh2,Swi6)increasedy closeto 5-fold.

Thereareseveralexplanationdor thesechangesin somecases,
the geneghatwe addedarealsotruly regulatedby the TF, but the
signalwas not visible in the localizationdata. For example,our
modelpredictsthat Clb1l and Cdc5areregulatedby Ndd1. There
is evidencethatthesegenesareregulatedby Mcm1 which works
togetherin G2/M with Ndd1. The analysisof Simonetal. failed
to find binding. Additionally, our model suggestghat Fkh1 and
Fkh2 areregulatedby Fkh1 andnot Mcm1. This conclusionfits
therecentresultsof Hollenhorstetal. [18].

A secondexplanationfor this phenomenoris the fact thatwe
gave themodelonly the nine Regulatesvariablesin orderto try and
explain a comple expressionmatrix. As such,the modelsome-
times hadto “stretch” the boundariesf thesevariablesin order
to improve the quality of its predictions. Thus, it is possiblethat
the semanticof R(t) mayhave changedn orderto captureinter-
actionsfor which no explanationwas presentn the data. Never
thelesswe believe thatthe setsRey(t) aremeaningfulandalmost
certainlyco-rggulatedby somecombinationof mechanisms.

Onestrongindicatorin favor of this hypothesids the demon-
stratedability of the algorithmto predictexpressiordirectly from
sequencealata, suggestinghat there are commonfeaturesin the
promoterregion of the genesthat our algorithm assertsare co-
regulated. We testedthis conjectureby looking at the motifs that
were discovered by the algorithm. Fig. 2(b) lists, for eachTF
t, the percentageof genesfor which the PSSM learnedby our
algorithm determinedthe existenceof a motif, i.e., thosewhere
P(g.R(t) = true | ¢.51,--.,9.Sn) > 0.5. We computethe per
centagen threegroups:thegenesn R, (t), thegenesn Re(t),
andin theremaininggenegthosewhereg.R(t) = false. In addi-
tion, thetablelists the p-value (usinga hypegeometricmodel[2])
of themotif anda pictorial representationf thelearnedPSSM.

This tableshavs severaltrends.We seethatsomemotifs (e.g.,
Mbp1) appearin a majority of the genesin Rgy(t). Moreover, in
somecasegqe.g.,Ace2,Mcm1, Swi5) the motif is very rarein the
groupof genesfor which g.R(t) = false Thus,thesemotifs are
quite specificfor the geneshey weretrainedon, aswe canseeby
the p-values. The significanceof the p-valuessuggestshatthis is
not an artifact. In addition, we seethat the motifs have a similar
concentratiorin thegenesn Reay; (¢). Thus,althoughthesegenes
are often lessthan 25% of the training genes,the learnedmotif
is quite commonamongthem. This lastresultsuggestshatthere
is no difference,from the perspectie of finding commonmotifs,
betweenthe co-regulatedsetof genesdiscoreredby Simonet al.
andthosethatwereintroducednto this setby ouralgorithm.

This conclusionis further validatedby comparingthe learned
PSSMsto the known binding sitesin the literature. The PSSMs
for Mbp1 and Swi4 are similar to the onesfound by Tavazoieet
al. [31]. The PSSMfor Mcm1 is alsosimilar to the onefound by
Tavazoieet al., exceptthatthey discorereda homodimersite that
consistsof two roughly palindromicparts. Our PSSMfor Mcm1
capturesonly one of theseparts. (We note that since our model
scansbothstrandsijt sufficesfor thediscriminative modelto learn
only half of the site.) Our PSSMfor Fkh1 matcheghe modelsug-
gestedby Zhu et al. [33]. On the otherhand,our PSSMfor Swi5
andAce2arequitedifferentfrom theknown onesin theliterature.

Finally, it is interestingto examine the PSSMslearnedfrom
Ndd1 and Swi6. The currenthypothesisfor Ndd1 is thatit can-
not bind to the promoterdirectly. Rather it is recruitedby either
Fkh1/2or by Mcm1. The PSSMwe learnedfor Ndd1is somevhat
similarto PSSMlearnedby Simonetal for Fkh1. Similarly, Swi6
is recruitedby either Swi4 or Mbp1; and, indeed,the PSSMwe

learnfor Swi6 is similar (but notidentical)to the publishedMbp1
motif.

5.3 Biological analysis

We endthe discussionof our resultsby examining their bio-
logical plausibility. First, we testedthe extentto which our setof
potentially co-regulatedgeneswere actually co-expressed.To do
S0, we computedfor eacharraya, the averageof the expression
levels for the genesin Rey(t). Fig. 2(d) shaws the expressionof
Swib andthe averageexpressiorof Swis-regulatedgenes.We see
thatthe expressionof Swi5 regulatedgenedollows a pronounced
cyclic behaior that peaksin the M cell cycle phase.We alsocan
seethatthe Swi5 geneis transcribedbeforeits protein productis
beingused. This is consistentwith knowledgethat Swi5 itself is
transcriptionallyregulated[28, 30]. In addition,thefactthat Swi5
is transcribedbeforethe genesit activatesfits nicely with biolog-
ical understandingwherethe delay correspondso the time need
for translationof the Swi5 transcriptandthenthetime requiredfor
it to bind to its targetsitesandinitiate transcription.

As describecabore, we expectour modelto captureeffectsof
combinatoriakegulation. Thesecanbe seerwvhenwe examinethe
expressionof groupsof genesthat are regulatedby two or more
TFs. Fig. 2(e) shavs that genesthat are regulatedby both Fkh2
andSwi4 peakin GlandlateG1,whereagenegegulatedoy Fkh2
andNdd1peakin M or M/G1. This behaior is exactly compatible
with ourcurrentunderstandingf therole of thesewo transcription
factor complesthatinvolve Fkh2. Fig. 2(f) shaws the behaior
of threecompleesinvolving Mcm1: with Ndd1, Ace2,and Swi5.
We canseethatgeneslsoco-regulatedwith Ndd1peakearlierthan
theothertwo. Onceagain,this behaior is compatiblewith current
biologicalunderstandingsee[28].

We thentried to seeif we canrecover biological insightsfrom
our M., model.Recallthatthetreestructurdearnecdby our model
definesa setof groupings eachone definedby oneof the leaves
of the tree. Eachgroupingis associatedvith a list of tests(e.qg.,
g-R(Swi4) = true) on attributesof the genesandattributesof the
arraysthat occuron the pathto the leaf. It thereforealso corre-
spondsto a “rectangle”in the expressionmatrix (definedby the
genesandthe arraysthatsatisfythe tests) which hasa similar ex-
pressionvalue. The testsperformedalongthe pathindicatewhich
aspect®f genesandarraysareimportantfor defininga uniform set
of expressionsThus,they canprovide biologicalunderstandingf
theprocesses.

However, beforeimputingbiologicalsignificanceo thesetests,
it is importantto realize that not all of them are truly relevant.
While someof thesetestsare crucial to defining a coherentset
of genesandconditions,othersmight simply be an artifact of our
learningalgorithm. We thereforeperformedsignificanceanalysis
on eachof thetestsusedto producethis grouping,usinga t-testto
comparegheexpressiormeasuremenis therectanglewith theex-
pressiomeasurementsatisfyingall othertestsdefiningthegroup-
ing exceptthe onein question. We then eliminatedteststhat ap-
pearedirrelevant, remainingwith a setof overlappingrectangles,
suchthat all of the testsusedto definethe rectanglewere neces-
sary with ap-valueof lessthan5e-4.

We selectedyroupsthatwereover-expressedin thattheir aver
ageexpressionlevel wasgreaterthan0.5. (Recallthatthe expres-
sion levels of Spellmanet al. are measuredn units of log (base
2) of the ratio to a control.) We notethat, in this data,coherent
groupsarealwaysspecificto a particularcell-cycle phaseasdeter
minedby the testsin the definition of the group. We thenlooked
for indicationsof combinatoriakegulation: groupswhich required
regulationby two TFs. Theresulting“interactionmap”is shavn in



Fig. 2(c), with anarc betweentwo TFsindicatingjoint regulation
in atleastonegroup. Thedifferentarcsindicatejoint regulationin
differentcell-cycle phases.

Mary interactionsn thismapcorrespondery well with knovn
biology. For example,the interactionsbetweenMbpl and Swi6,
betweenSwi4 andSwi6, betweerAce2 andMcm1, betweerSwis

andMcm1,betweerNddlandMcml,andbetweerFkh2andMcm1.

Otherinteractionghatwe would have expectedaremissing suchas
the interactionbetweenAce2 and Swi5, betweenFkh1 and Fkh2,

andbetweenFkh1l andNdd1. The latter two can perhapsbe ex-

plainedby thefactthatFkh1landFkh2regulatevery similar setsof

genesandarethereforesomeavhatinterchangeableAs our learn-
ing algorithmlooks for compactmodelsthat explain the data, it

may choosenot to introduceoneteston a pathif if the datais

alreadyexplainedwell usingsomeothertest. Hence somevhatre-

dundantests,suchasthoseon Fkh1andFkh2, might never appear
togetheron a path.

Otherinteractionsin the mapmay suggespotentiallyinterest-
ing hypotheses. For example, finding Ndd1 in interactionwith
Mbp1 on G1 genessuggestshatthe Ndd1 proteinmay participate
togetherwith the Forkheadproteinsin modulatingthe expression
of Mbp1 targetsin G1, assuggestedlsoby theresultsof Pilpel et
al. [24]. Otherinteractionsalsoseemcompatiblewith the results
of Pilpel etal., including the interactionbetweenFkh2 and Swi4,
Swi6,andMpbl.

Finally, we comparehegenesn thesecoherengroupsto knowvn
annotationsof genesfrom the YPD sener [10]. Mary of these
groupscontaina significantportion of genesannotatedvith a par
ticular functionalor cellularrole. For example,thereis a groupof
43 genesthat are regulatedby Swi6 and Mbp1 but not by Swi4,
which contain8 DNA repair genes(out of 37 suchgenesin the
data).Sucha concentratiorhasp-valueof 2e — 4. Thesamegroup
of genesalsocontainl4/72chromatin/chromosomeructuregenes
(p-value = e3 — 6), 5/8 DNA polymeraseor sulunit (p-value =
7e — 6), and10/36DNA synthesigienegp-value= 3e — 6). These
resultsarecompatiblewith our biological understandingboutthe
processethatoccurin phaseG1 of the cell cycle, whentheseTFs
areactive. Anothergroupof 73 geness definedasbeingregulated
by Swi6, Mbp1, andFkh2. It containsl7/77DNA-binding protein
geneqp-value= 9e¢ — 5) and20/72chromatin/chromosomstruc-
turegenegp-value=4e — 7). A final exampleis asetof 72 genes
regulatedby Ace2 andnot by Swi4, containing11/37 amino-acid
metabolismgeneqp-value= 8e — 5).

6. Discussion

In this paperwe describea unified probabilisticframewvork that
definesa (simplified) model of the “end-to-end” processof ge-
nomic expression: from transcriptionalregulation, basedon the
binding of transcriptionfactorsto the genes promoterregion, to
the expressiordataitself. We shav how to learna coherenimodel
basedon heterogeneoudata: sequencelata,expressiordata,and
binding localizationdata. We demonstrateour algorithm on the
yeastcell cycle processshawving thatour framevork doeslearnto
predictexpressiorfrom sequenceOur algorithmalsofinds highly
significantmotifsin clusterghatit assertareco-regulated provid-
ing a strongbiological basisfor this claim. We alsoshav thatthe
learnedmodelprovidesvaluablebiologicalinsightinto thedomain,
includinginformationaboutcombinatoriategulationby complees
of transcriptiorfactors.

Our paperis not the first to try and provide a unified proba-
bilistic framework for thesemultiple sourcesf data. Holmesand
Bruno[19] describea simple Naive Bayesmodelfor promoterse-
guenceand expression wherethe genesare partitionedinto dis-

joint clustersusinga hiddenCluster variable,whosevalue proba-
bilistically determinedoththe sequenc€andpresencef motifs)
of the promoterregion andthe expressionprofile. This modelis

muchsimplerthanours,andfails to capturemportantaspectsuch
as combinatorialeffects betweentranscriptionfactors,or the ef-

fect of array propertieson the expressiondata. The recentwork
of Harteminket al. [15] tries to provide a unified framevork for

localizationand expressiondata. Their approachis basedon the
Bayesiametwork basedramework for pathway discovery of [14,

23]. They usethelocalizationdatato guidethediscovery by limit-

ing the setof modelsthey consider Their approachhowever, only
males useof the small setof regulation predictionsthat receved
very low p-valuesin the analysisof the localizationdata. As our
resultsshaw, it is possibleaswell asbeneficialto make useof all

of the localizationresults. Finally, we note that neitherof these
approachesor ary of the othersdiscussedn the introduction,is

capableof makinguseof all threetypesof data— expression)o-

calization,and sequence— within the contet of a single frame-
work.

Therearemary obviousextensiongo thiswork, whichwe plan
to pursue.lt seemdairly clearthattheregulationeventsof a small
subsebf transcriptionfactorsarenot sufficient to explain the vari-
ability in the expressionmeasurements-or example,it might be
thatt playsarole bothasanactivatorof somegenesandrepressor
of others.Thus,learningthatg. R(t) holdsis notsuficientfor pre-
dicting the expressionof g. It is possibleto extendthe algorithm
by introducingnew hiddenattributesof thegenesThesevariables,
might allow usto make importantdistinctionsamonggenesregu-
latedby the sameTF, andconsequentlynale betterpredictionof
the expressionof thesegenes. If learnedin a guidedway, these
hiddenvariablesmight evencorrespondo regulationby new regu-
latory elementsor complees,with associatedequencenotifs on
the one hand and predictive ability for expressionson the other
In addition, our currentPSSMmodelsof binding sitesare quite
simplistic. As we shaw, discriminative training allow usto recog-
nize binding sitesusing suchsimple modelsin a specificmanner
Nonethelesghesebindingsitesdo notexplain all theregulationat-
tributes.To getabettermodelmayrequirelearningmoreelaborate
binding site models,or explicitly modelingadditionalattributesof
binding sites(their locationin the promotey their relative affinity,
etc.)thatclearlyplay arolein thebiological system.

Finally, thispapetlis astep(following [27]) in along-termproject
thataimsatintegratingmary differenttypesof dataandproviding
amechanisnior learninga unified probabilisticframenork for key
genomicprocesses.

Acknowledgements. We thank DanaPe’erand Tommy Kaplan
for useful discussions. This work was supportedby NSF Grant
ACI-0082554undertheNSFITR program,andby the SloanFoun-
dation.EranSegal wasalsosupportedy a StanfordGraduatd-el-

lowship(SGF).Nir FriedmarandYoseptBarashveresupportedn

partby thelsraelSciencd~oundationISF),andthelsraeliMinistry

of ScienceN. Friedmarnwasalsosupportedy anAlon fellowship
andthe Harry & Abe ShermanSenior Lectureshipin Computer
Science.

7. REFERENCES

[1] T.L. Bailey andElkanC. Fitting a mixture modelby
expectationrmaximizationto discover motifs in biopolymers.
In Proc. Int. Conf Intell. Syst.Mol. Biol., volume2, pages
28-36.1994.

[2] Y.BarashG. BejeranoandN. FriedmanA simple
hypergeometricapproacHor discosering putative



transcriptiornfactorbindingsites.In O. GascuebndB. M. E.
Moret, editors,Algorithmsin Bioinformatics:Proc. First
International\Workshop number2149in LNCS, pages
278-2932001.

[3] Y. BarashandN. FriedmanContet-specificBayesian
clusteringfor geneexpressiordata.In Fifth Annual
InternationalConfeenceon ComputationaMolecular
Biology. 2001.

[4] C.Boutilier, N. FriedmanM. GoldszmidtandD. Koller.
Contt-specificindependencian Bayesiametworks. In
Proc. Twelfth Confeenceon Uncertaintyin Artificial
Intelligence(UAI '96), pagesl 15-1231996.

[5] A. Brazmal. Jonassen]. Vilo, andE. Ukkonen.Predicting
generegulatoryelementsn silico on agenomicscale.
GenomeRes, 8:1202-15,1998.

[6] J.BuhlerandM. Tompa.Findingmotifs usingrandom
projectionsin RECOMB’01 2001.

[7] H.J.Bussemaér, H. Li, andE.D. Siggia.Regulatoryelement
detectiorusingcorrelationwith expressionNature Genetics
27:167-712001.

[8] J.M. Cherry C. Ball, K. Dolinski, S. Dwight, M. Harris,
J.C. MateseG. Sherlock,G. Binkley, H. Jin, S. Weng,and
D. Botstein.Saccharomycegenomedatabase.
http://genome-wwvstanford.edu/Saccharomycezd01.

[9] D. M. Chickering,D. Heckerman,andC. Meek.A Bayesian
approacho learningBayesiametworkswith local structure.
In Proc. ThirteenthConfeenceon Uncertaintyin Artificial
Intelligence(UAI '97), pages80-89,1997.

[10] M.C. CostanzoM.E. Crawnford, J.E.HirschmanJ.E.Kranz,
P. Olsen,L.S. RobertsonM.S. Skrzypek,B.R. Braun,K.L.
Hopkins,P. Kondu,C. LengiezaJ.E.Lew-Smith,

M. Tillberg, andJ.l. Garrels.Ypd, pombepdandwormpd:
modelorganismvolumesof the bioknavledgelibrary, an
integratedresourcdor proteininformation.Nuc.AcidsRes,
29:75-9.2001.

[11] M. H. DeGroot.Optimal StatisticalDecisions McGraw-Hill,
New York, 1970.

[12] N. Friedmanl. Getoor D. Koller, andA. Pfeffer. Learning
probabilisticrelationalmodels.In I[JCAI '99. 1999.

[13] N. FriedmanandM. GoldszmidtLearningBayesian
networkswith local structureln M. I. Jordangeditor,
Learningin GraphicalModels pagesA21-460Kluwer,
DordrechtNetherlands1998.

[14] N. FriedmanM. Linial, I. NachmanandD. Pe’er Using
Bayesiametworksto analyzeexpressiordata.J. Comp.Bio.,
7:601-6202000.

[15] A.J.Hartemink,D.K. Gifford, T.S.Jaaklola,andR.A.
Young.Combininglocationandexpressiordatafor
principleddiscovery of geneticregulatorynetwork models.
In Pac. SympBiocomp.7, 2002.

[16] D. Heckerman A tutorial onlearningwith Bayesian
networks.In M. I. Jordangditor, Learningin Graphical
Models Kluwer, DordrechtNetherlands1998.

[17] D. HeckermanandD. Geiger LearningBayesiametworks:
aunificationfor discreteand Gaussiarlomains.n UAI '95,
pagex274-2841995.

[18] P.C.HollenhorstG. Pietz,andC.A. Fox. Mechanisms
controllingdifferentialpromoteroccupang by theyeast
forkheadproteinsfkh1p andfkh2p: implicationsfor
regulatingthe cell cycle anddifferentiation.GeneDev.,
15:2445-562001.

[19] I. HolmesandW. Bruno.Findingregulatoryelementsusing

joint likelihoodsfor sequenceandexpressiorprofile data.ln
ISMB’00. 2000.

[20] D. Koller andA. Pfeffer. Probabilisticframe-basedystems.
In AAAI’'98, 1998.

[21] X Liu, DL Brutlag,andJSLiu. Bioprospectordiscovering
consereddnamotifs in upstreanregulatoryregionsof
co-epressedjenesln Pac. SympBiocomput. pages
127-38.2001.

[22] J.Pearl.ProbabilisticReasoningn IntelligentSystems
MorganKaufmann,1988.

[23] D. Pe'er A. Regey, G. Elidan,andN. Friedmanlnferring
subnetwrks from perturbedexpressiorprofiles.
Bioinformatics 17(Suppll):S215-242001.

[24] Y. Pilpel, P. SudarsanangandG.M. Church.ldentifying
regulatorynetworks by combinatorialanalysisof promoter
elementsNature Genetics29:153-92001.

[25] B. Ren,F. Robert,J.J.Wyrick, O. Aparicio, E.G.Jennings,
I. Simon,J. Zeitlinger, J. SchreiberN. Hannett E. Kanin,
T.L. Volkert, C.J.Wilson, S.P Bell, andR.A. Young.
Genome-widdocationandfunctionof dnabindingproteins.
Science290:2306-92000.

[26] F.P. Roth,PW. HughesJ.D.Estep,andG.M. Church.
Finding DNA regulatorymotifs within unalignednoncoding
sequenceslustereddy whole-genomenRNA quantitation.
Nat. Biotecnol,, 16:939-9451998.

[27] E. Segal,B. Taskar A. GaschN. FriedmanandD. Koller.
Rich probabilisticmodelsfor geneexpression.
Bioinformatics 17(Suppll):S243-522001.

[28] I. Simon,J.Barnett,N. Hannett,C.T. HarbisonN.J. Rinaldi,
T.L. Volkert, J.J.Wyrick, J. Zeitlinger, D.K. Gifford, T.S.
Jaaklbola, andR.A. Young.Serialregulationof
transcriptionategulatorsin theyeastcell cycle. Cell,
106:697-7082001.

[29] S.SinhaandM. Tompa.A statisticalmethodfor finding
transcriptiorfactorbindingsites.In Proc. Int. Conf Intell.
Syst.Mol. Biol., volume8, pages344-54.2000.

[30] P.T. SpellmanG. SherlockM. Q. Zhang,V. R. lyer,

K. Anders,M. B. Eisen,P. O. Brown, D. Botstein,and

B. Futcher Comprehense identificationof cell
cycle-rggulatedgenesf theyeastsaccharomyceserevisiae
by microarrayhybridization.Mol. Biol. Cell, 9(12):3273-97,
1998.

[31] S.Tavazoie,J.D.HughesM. J.CampbellR.J.Cho,and
G. M. Church.Systematideterminatiorof geneticnetwork
architectureNat Genet 22(3):281-51999.Commentn:
Nat Genet1999Jul;22(3):213-5.

[32] E.WingenderX. Chen,Fricke E.,R. Gefers,R. Hehl,

I. Liebich, M. Krull, V. Matys,H. Michael,R. Ohnhauser
M. PrussF. SchacherefS. Thiele,andS. Urbach.The
TRANSFAC systemon geneexpressiorregulation.
Nuc.AcidsRes, 29:281-2832001.

[33] G.Zhu,P. T. Spellman,T. Volpe,P. O. Brown, D. Botstein,
T. N. Davis, andB. Futcher Two yeastforkheadgenes
regulatethe cell cycle andpseudohyphajronth. Nature,
406:90-42000.



