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ABSTRACT
We presenta probabilisticframework that modelsthe processby
which transcriptionalbinding explains the mRNA expressionof
differentgenes.Our joint probabilisticmodelunifiesthe two key
componentsof thisprocess:thepredictionof generegulationevents
from sequencemotifs in the gene’s promoterregion, andthe pre-
dictionof mRNA expressionfrom combinationsof generegulation
eventsin differentsettings.Our approachhasseveral advantages.
By learningpromotersequencemotifs that aredirectly predictive
of expressiondata,it canimprove theidentificationof bindingsite
patterns. It is also able to identify combinatorialregulation via
interactionsof different transcriptionfactors. Finally, the general
framework allowsusto integrateadditionaldatasources,including
datafrom the recentbinding localizationassays.We demonstrate
our approachon the cell cycle dataof Spellmanet al., combined
with thebindinglocalizationinformationof Simonet al. We show
thatthelearnedmodelpredictsexpressionfrom sequence,andthat
it identifiescoherentco-regulatedgroupswith significanttranscrip-
tion factormotifs. It alsoprovidesvaluablebiological insight into
thedomainvia theseco-regulated“modules”andthecombinatorial
regulationeffectsthatgoverntheir behavior.

1. Intr oduction
A centralgoalof molecularbiology is thediscovery of thereg-

ulatorymechanismsgoverningtheexpressionof genesin thecell.
Theexpressionof ageneis controlledby many mechanisms.A key
junctionin thesemechanismsis mRNA transcriptionregulationby
variousproteins,known astranscriptionfactors (TFs),thatbind to
specificsitesin the promoterregion of a geneandactivateor in-
hibit transcription. Looselyspeaking,we canview the promoter�
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region asanencodingof a “program,” whose“execution” leadsto
theexpressionof differentgenesat differentpointsin time andin
differentsituations.To a first-orderapproximation,this “program”
is encodedby the presenceor absenceof TF binding siteswithin
thepromoter. In thispaper, weattemptto constructaunifiedmodel
that relatesthe promotersequenceto the expressionof genes,as
measuredby DNA microarrays.

Therehave beenseveral attemptsto relatepromotersequence
dataandexpressiondata.Broadly, thesecanbeclassifiedasbeing
of oneof two types.Approachesof thefirst andmorecommontype
usegeneexpressionmeasurementsto definegroupsof genesthat
arepotentiallyco-regulated.They thenattemptto identify regula-
tory elementsby searchingfor commonality(e.g.,acommonlyoc-
curringmotif) in thepromoterregionsof thegenesin thegroup(see
for example [5, 21, 26, 29, 31]). Approachesof the secondtype
work in the oppositedirection. Theseapproachesfirst reducethe
sequencedatainto somepredefinedfeaturesof the gene,e.g.,the
presenceor absenceof variouspotentialTF bindingsites(usingei-
theranexhaustiveapproach,say, all DNA-wordsof length6-7,or a
knowledge-basedapproach,say, all TRANSFAC [32] sites).They
thentry andexploit thesefeaturesaswell astheexpressiondatain a
combinedway. Somebuild modelsthatcharacterizetheexpression
profilesof groupsor clustersof genes(e.g.,[3, 27, 7]). Othersat-
temptto identify combinatorialinteractionsof transcriptionfactors
by scoringexpressionprofilesof groupsof geneshaving a combi-
nationof theidentifiedmotifs [24].

Unlike the approachesdescribedabove, our aim is to build a
unifiedmodelthatspanstheentireprocess,from theraw promoter
sequenceto theobserved genomicexpressiondata. We provide a
unifiedprobabilisticframework, thatmodelsbothpartsof thepro-
cessin a single framework. Our model is orientedarounda set
of variablesthatdefine,for eachgene� andtranscriptionfactor � ,
whether� regulates� by bindingto � ’s promotersequence.These
variablesare hidden,anda key part of our learningalgorithm is
to inducetheir valuesfrom thedata.Themodelthencontainstwo
components.The first is a modelthat predicts,basedon � ’s pro-
motersequence,whether� regulates� (or moreprecisely, when �
is active,whetherit canregulate� ). Thesecondpredicts,basedon
theregulationeventsfor a particulargene� , its expressionprofile
in differentsettings.

A key propertyof our approachis that thesetwo components
arepartof asinglemodel,andaretrainedtogether, to achievemax-
imum predictiveness.Our algorithmtherebysimultaneouslydis-



coversmotifs thatarepredictive of geneexpression,anddiscovers
clusters� of geneswhosebehavior is well-explainedby putative reg-
ulationevents.

Bothcomponentsof ourmodelhavesignificantadvantagesover
othercomparableapproaches.The componentthat predictsregu-
lation from thepromotersequenceusesa novel discriminative ap-
proach,that avoids many of the problemsassociatedwith model-
ing of thebackgroundsequencedistribution. More importantly, the
componentthatpredictsmRNA expressionfrom regulationlearnsa
modelthatidentifiescombinatorialinteractionsof regulationevents.
In yeastcell-cycledata,for example,wemight learnthat,in theG1
phaseof thecell cycle, genesthatareregulatedby Swi6 andSwi4
but notby Mcm1areover-expressed.

Finally, our useof a general-purposeprobabilisticframework
allows us to integrateothersourcesof information into the same
unified model. Of particularinterestare the recentexperimental
assaysfor localizingbindingsitesof transcriptionfactors[25, 28].
Theseattemptto detectdirectly to which promoterregionsa par-
ticular TF proteinbindsin vivo. We show how thedatafrom these
assayscanbeintegratedseamlesslyandcoherentlyinto ourmodel,
allowing usto tie aspecifictranscriptionfactorwith acommonmo-
tif in thepromoterregionsto which it binds.

We demonstrateour resultsin analysisof yeastcell cycle. We
combinethe known genomicyeastsequence[8], microarrayex-
pressiondataof Spellmanet al. [30], and the TF binding local-
ization data for 9 transcriptionfactorsthat are involved in cell-
cycle regulationof Simonetal. [28]. We show thatour framework
discoversoverlappingsetsof genesthat stronglyappearto beco-
regulated,boththeir manifestationin thegeneexpressiondataand
in the existenceof highly significantmotifs in their promoterre-
gion. We alsoshow that this unifiedmodelcanpredictexpression
directly from promotersequence.Finally, we presenthow our al-
gorithmalsoprovidesvaluablebiological insight into thedomain,
includingcyclic behavior of thedifferentregulatoryelements,and
someinterestingcombinatorialinteractionsbetweenthem.

2. Model Overview
In this section,we give a high-level descriptionof our unified

probabilisticmodel. In the subsequentsections,we elaborateon
thedetailsof its differentcomponents,anddiscusshow themodel
canbe trainedasa singleunifiedwhole to maximizeits ability to
predictexpressionasa functionof promotersequence.

Our modelis basedon the languageof probabilistic relational
models(PRMs)[20, 12]. For lack of space,we do not review the
generalPRM framework, but focus on the detailsof the model,
which follows theapplicationof PRMsto geneexpressionby Se-
gal et al. [27]. A simplified versionof our model is presentedin
Fig. 1(a).We now describeeachelementof themodel.

ThePRM framework representsthedomainin termsof thedif-
ferentinteractingbiologicalentities. In particular, we have anob-
ject for every gene� . Eachgeneobjectis associatedwith several
attributesthatcharacterizeit. Mostsimply, eachgenehasattributes��� ���
	��
�
��	
��� ��� that representthe basepairs in its hypothesized
promotersequence.For example,we might have ��� ������� . More
interestingly, for every transcriptionfactor(TF) � , agenehasa reg-
ulation variable ������� , whosevalue is true if � bindssomewhere
within � ’spromoterregion, indicatingregulation(of sometype)of� by � . Theregulationvariablesdependdirectly on thegene’s pro-
motersequence,with eachTF having its own model,asdescribed
in Section3.1. Notethat theregulationvariablesarehiddenin the
data;in fact,animportantpartof our taskis to infer their values.

In addition,aswe mentioned,our approachallows theincorpo-
ration of datafrom binding localizationassays,which attemptto

measurethe extent to which a particulartranscriptionfactorpro-
tein binds to a gene’s promoterregion. This measurement,how-
ever, is quite noisy, and it provides, at best,an indication as to
whetherbindinghastaken place. Onecanascriberegulationonly
to thosemeasurementswhereastatisticalsignificancetestindicates
a very stronglikelihoodthat bindingactuallytook place[28], but
it is thenmisleadingto infer that binding did not take placeelse-
where.Our framework providesa naturalsolutionto this problem,
wherewe take theactualregulationvariablesto behidden,but use
localizationmeasurementsasa noisy indicatorof theactualregu-
lation event. More precisely, eachgene � alsohasa localization
variable ������� for eachTF � , which indicatesthevalueof thestatis-
tical testfor thebindingassayfor � and � . Ourmodelfor thevalues
of this variableclearlydependson whether� actuallyregulates� ;
for example,valuesassociatedwith high-confidencebinding are
muchmorelikely if ��� ������� takesthe value true. We describethe
modelin detail in Section3.2.

Thesecondmaincomponentof our modelis thedescriptionof
expressiondata.Thus,in additionto geneobjects,we alsohave an
object � for every array, andanobject  for every expressionmea-
surement.Eachexpression is associatedwith agene �Gene�!� ,
anarray  �Array � � , anda real-valuedattribute  � Level, denoting
themRNA expressionlevel of thegene� in thearray � . Arraysalso
have attributes;for example,eacharray � might beannotatedwith
thecell-cyclephaseat thepoint theexperimentwasperformed,de-
notedby � � Phase. As thearrayattributesarenot usuallysufficient
to explain thevariability in theexpressionmeasurements,weoften
also introducean additionalhiddenvariable � � ACluster for each
array, which can captureother aspectsof the array, allowing the
algorithmboth to explain theexpressiondatabetter, andto gener-
atemorecoherentandbiologically relevant clustersof genesand
experimentalconditions.

Our modeldefinesa probabilitydistributionover eachgene� ’s
expressionlevel in eacharray � asa (stochastic)function of both
thedifferentTFsthatregulate� andof thepropertiesof thespecific
experimentusedto producethe array � . Thus,we have a model
that predicts  � Level asa (stochastic)function of the valuesof its
parents��� ������� and � � Phase(where���  �Geneand � �  � Array).
As wediscussin Section3.3,ourmodelfor expressionlevel allows
for combinatorialinteractionsbetweenregulationevents,as well
as regulation that variesaccordingto context, e.g., the cell-cycle
phase.

The model that we learnhasa very compactdescription. As
we discussbelow, we learn one position specificscoring matrix
(PSSM)for eachTF � , whichis thenusedto predict��� ������� from the
promotersequenceof � for all genes� . Similarly, welearnasingle
modelfor  � Levelasa functionof its parents,which is thenapplied
toall expressionmeasurementsin ourdataset.However, theinstan-
tiation of themodelto a datasetis quitelarge. In a specificinstan-
tiation of thePRM modelwe might have 1000geneobjects,each
with "
#$#$# basepairsin its promoterregion. Wemightbeinterested
in modeling9 TFs,andeachgenewouldhavearegulationvariable
for eachof them. Thus, this specificinstantiationwould contain
9000regulationvariables.Our geneexpressiondatasetmighthave
100arrays,sothatwehave asmany as "�#%#$#'&("�#$# expressionob-
jects(if no expressionsaremissing).Thus,an instantiationof our
modelto a particulardatasetcancontaina largenumberof objects
andvariablesthatinteractprobabilisticallywith eachother. There-
sulting probabilisticmodelis a Bayesiannetwork[22], wherethe
local probability modelsgoverning the behavior of nodesof the
sametype(e.g.,all nodes��� ����� � � for differentgenes� ) areshared.
Fig. 1(b) containsa small instantiationof suchasnetwork, for two
geneswith promotersequenceof 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 exampletr ee-CPDfor the  � Level attrib ute in terms of attrib utesof  �Gene and � Array.

3. A Unified Probabilistic Model
In this section,we provide a moredetaileddescriptionof our

unifiedprobabilisticmodel,asoutlinedabove. Specifically, wede-
scribetheprobabilisticmodelsgoverning: theregulationvariables��� ������� ; the localizationvariables��� ������� ; andtheexpressionlevel
variables � Level. In thenext section,wediscusshow themodelas
a wholecanbelearnedfrom raw data.

3.1 Model for SequenceMotifs

Thefirst partof ourmodelrelatesthepromoterregionsequence
datato the Regulatesvariables. Experimentalbiology hasshown
that transcriptionfactorsbind to relatively short sequences,and
that therecan be somevariability in the binding site sequences.
Thus,moststandardapproachesto uncovering transcriptionfactor
bindingsites,e.g.,[1, 26, 29], searchfor relatively shortsequence
motifs in theboundpromotersequences.

A commonway of representingthevariability within thebind-
ing siteis by usingapositionspecificscoringmatrix (PSSM).Sup-
posewe aresearchingfor motifs of length < (or less).A PSSM =>
is a <?&?@ matrix,assigningfor eachposition A � " 	��
���
	 < andlet-
ter BDCFE �G	IHJ	IK�	�LNM a weight >�OIP BRQ . We canthenscorea putative
k-merbindingsite S �UTV��	
�
���
	ITXW by computingY[Z\Z^]_�,S 	 => � �` O > O P T O Q .

Thequestionis how to learnthesePSSMweights.We startby
defining the model more carefully. Recall that, our model asso-
ciates,with eachgene� , a binary variable ��� �������aC!E true	 falseM
which denoteswhethertheTF � regulatesthegeneor not. To sim-
plify notationin this subsection,we focusattentionon theregula-
tion for a particularTF � , anddroptheexplicit referenceto � from
our notation. Furthermore,recall thateachgene� hasa promoter
sequence��� ���
	��
�
��	
��� �5� , whereeach� O C(E �a	IHJ	IK�	
LNM .

Thestandardapproachesto learningPSSMisby trainingaprob-
abilisticmodelof bindingsitesthatmaximizesthelikelihoodof se-
quences(given the assignmentof the regulatesvariables)[1, 26].
Theseapproachesrely on a clearprobabilisticsemanticsof PSSM
scores.Wedenoteby bXc theprobabilitydistributionovernucleotides
accordingto thebackgroundmodel.Forsimplicity, weuseaMarkov
processof order0 for thebackgrounddistribution. (As wewill see,
thechoiceof backgroundmodelis not crucialin thediscriminative
modelwedevelop.)Weused�e to denotethedistributionof charac-
tersin the f th positionof thebindingsite.Themodelthenassumes
thatif � regulates� , then� ’spromotersequencehasthebackground
distribution for everypositionin thepromotersequence,exceptfor

a specific< -mer, Ahg!" 	
�
���
	 A\gi< , where� bindsto it. If � doesnot
regulate� , we have thebackgrounddistribution for all positionsin
thesequence.Then,j � ���
	
���
�
	����lk���� � � false� � mon b c P � n Qj � ���
	
���
�
	����lk���� � � true� �mpn b c P � n Q ` e ��rq W m WOts �Durv
w x%vRyrz�{|�} w x~vty�z�{ (1)

wherewe assumea uniformprior over thebindingpositionin case
of regulation.1

Theprobabilisticapproachestrain theparametersd O P BRQ to max-
imize theprobabilityof the trainingsequence.Oncetheseparam-
etersare found, they set the PSSMweightsto >�OIP BRQ �����$� urv
w � {|�} w � { .
Suchapproachesaregenerative, in thesensethat they try to build
a model of the promoterregion sequence,and training succeeds
whenthemodelgivesthegivensequenceshigh probability. How-
ever, theseapproachescanoften be confusedby repetitive motifs
that occurin many promotersequences.Thesemotifs have to be
filteredout by usinganappropriatebackgrounddistribution [31].

We approachthis problemfrom a differentperspective. Recall
thatour aim is to modelthedependenceof thegene’s genomicex-
pressionprofile on its promotersequence.For this task,we do not
needto modelthesequence;we needonly estimatetheprobability
that the transcriptionfactorregulatesthe genegiven the promoter
region. Thus, it suffices to find motifs that discriminatebetween
promoterregions where the transcriptionfactor binds and those
whereit doesnot. As weshow, thismoredirectedgoalallowsusto
avoid theproblemof learningbackgrounddistributionof promoters
andto focuson theclassificationtaskat hand.

More formally, we areonly interestedin theconditionalproba-
bility of ��� � giventhesequence� � 	
�
���
	�� � . If wehaveamodelof
theform of (1), andapplyBayesrule,weobtain:j � ��� � � true k%� � 	
���
��	I� � � �������%��� �/���
where �����%��� �/��� � ��,�5���^� is thelogistic function.and� � ���$� j � � � 	
�����
	I� � 	
��� � � true�j � � � 	
���
�
	I� � 	
��� � � false�� ���$� � j � ��� � � true�j � ��� � � false� "�?� <�� e W�ORs � d O�P �5O � eXQb c P � O � e Q��
Where

j ��� � true� is theprior onbindingoccurrence.�
Somemethods,suchasMEME [1], relaxtheassumptionof asin-

glebindingsite.For lackof space,we omit this extensionhere.



For the goal of predictingthe probability of ��� � given the se-
quence,� thebackgroundprobabilitiesareirrelevantasseparatepa-
rameters.Instead,we canparameterizethemodel(2) simplyusing< position-specificweights> e P B8Q andathreshold� ���8�%�(��� �~  ¡ s true¢���3�X  ¡ s false¢ .
Thus,we writej � ��� � � true kV���
	��
�
��	I��� � ������%���[£
���$�'£¥¤��q W ` e�¦�§^¨ E ` O >�O�P ��O � e�Q MX©�© (2)

As wediscussin Section4.1,wecantraintheseparametersdirectly,
soasto bestpredict ��� � .

3.2 Localization Model

Localizationmeasurements,whenavailable,providestrongevi-
denceaboutregulationrelationships.To integratethisdatainto our
model,we needto understandthenatureof the localizationassay.
Roughly speaking,theseexperimentsmeasurethe ratio of “hits”
for eachDNA fragmentbetweena control setof DNA extracted
from cells,andDNA thatwasfiltered for binding to theTF of in-
terest. This assayis noisy, andthuswe cannotsimply “read off ”
binding. Instead,the experimentalprotocol [25] usesa statistical
model to assigna p-valueto variousratios. A ratio with a small
p-valuesuggestssignificantevidencefor bindingby theTF. Larger
p-valuescanindicatea weaker bindingor experimentalnoise.

A naive approachwould be to assertsimply thatbinding takes
placeif the p-value is below somethreshold,anddoesnot occur
otherwise. This approach,however, is naive, first becauseeven
smallp-valuesdo not guaranteebinding,but mostimportantly, be-
causesomewhat larger p-valuesthat are above our threshold,al-
thoughnotdefinitive,might still besuggestive of binding.

Thus,a moreappropriatemodel is to treatthe localizationex-
perimentasanoisysensorof theRegulatesvariables��� ������� . More
precisely, for eachTF � for which we have localizationmeasure-
ments,we introducea new variable �ª����� , suchthat ��� ������� repre-
sentsthelocalizationevidenceregardingthebindingof � to � . The
valueof ��� ������� is thep-valuecomputedin theexperimentalassay.

It remainsto determinehow to modelthe connectionbetween
the “sensor” ��� ������� and the actualevent ��� ������� . In our proba-
bilistic framework, we cansimply introducea probabilisticdepen-
dency of ��� ������� on ��� ������� , using

j � ��� ������� k«��� ��������� to specify
our modelof this interaction. Thereare two cases.If ��� ������� �
false, we expect ��� ������� to bedeterminedby thenoisein theassay.
By design,the statisticalprocedureusedis suchthat

j � ��� ������� k��� ������� � false� hasa uniform distributionon P # 	 "�Q (this is exactly
the definitionof thep-valuehere). If ��� ������� � true, thenwe ex-
pect ��� �ª����� to be small. We chooseto modelthis usinga density¬ � ��� ������� �®­¯k5��� ������� � true� �±° ¦�§r¨ � ��>�­ � , theexponential
distributionwith weight > , where°��²>J³ �
" � ¦�§^¨ � ��> ��� is anor-
malizationconstantensuringthatthedensityfunctionintegratesto" . Basedonexaminationof p-valuesin theexperimentsof Simonet
al., we choose>U�µ´ # in our experiments.Now, oncewe observe��� ������� , theprobabilityof this observationpropagatesto ��� ������� . If��� ������� is very small, then it is more likely that it wasgenerated
from ��� ������� � true. If it is larger, thenit is moreprobablethat it
wasgeneratedfrom ��� ������� � false. This modelallows us to use
thelocation-specificbindingdataasguidancefor inferring regula-
tion relationships,withoutmakingoverly strongassumptionsabout
their accuracy.

3.3 Model for GeneExpression

We now considerthe secondmajor componentof our unified
model:thedependenceof thegene’sexpressionprofileonthetran-
scriptionalregulationmechanisms.Moreprecisely, ourmodelspec-

ifies how, in differentexperimentalconditions,variousTFs com-
bine to causeup-regulation or down-regulation of a gene. From
a technicalperspective, we needto representa predictive model
for  � Levelbasedon theattributesof thecorrespondinggene� and
array � . Thereare many possiblechoicesof predictive models.
Oneobviouschoiceis linearregression,wherewehypothesizethat
theexpressionlevel is normallydistributedarounda value,whose
meanis a linear function of the presenceor absenceof the dif-
ferentattributes(similar to Bussemaker et al. [7]). However, this
approachis limited in two ways. First, one hasto provide spe-
cial treatmentfor attributeswhosevaluespaceis nominalbut not
binary, e.g.,the cell cycle phase.A far morefundamentallimita-
tion is that a linear regressionmodelcapturesonly linear interac-
tions betweenthe attributes,while it is well-known that the inter-
actionsbetweenTF that leadto activation or inhibition aremuch
morecomplex, andcombinatorialin nature.

Following our earlierwork [27], we chooseto usethe frame-
work of tree-structuredconditionaldistributions[4, 13], a formal-
ism closelyrelatedto decisiontrees.This representationis attrac-
tive in thissettingsinceit cancapturemultiple typesof combinato-
rial interactionsandcontext specificeffects.

Formally, a tree-structuredCPD ¶ for avariable· givensome
setof attributes ¸ ��	
�
�
�
	 ¸ � is a rootedtree;eachnodein the tree
is eithera leaf or an interior node. Eachinterior nodeis labeled
with a testof the form ¸ � � , for ¸¹C�E~¸ � 	
���
�
	 ¸ � M and � one
of its values. Eachof theseinterior nodeshastwo outgoingarcs
to its children,correspondingto the outcomesof the test(true or
false).Eachof theleavesis associatedwith a distribution over the
possiblevaluesof · . In our case,· is the expressionlevel, and
thereforetakesreal values. We thereforeassociatewith eachleafº

a univariateGaussiandistribution, parameterizedby a mean » n
andvariance¼«½n . Fig. 1(c) showsanexampleof apartialtree-CPD.
Weuse¾«¿ to denotethequalitative structureof thetree,and b$¿ to
denotetheparametersat theleaves.

In our domain,thetestsin the tree-CPDareaboutattributesof
thegene,(e.g., ��� ��� Swi6� � true) or attributesof thearray(e.g.,� � Phase � S). Eachleaf correspondsto a groupingof measure-
ments.This is a“rectangle”in theexpressiondatathatcontainsthe
expressionlevels of a subsetof genes(definedby the testson the
geneattributes)in a subsetof the arrays(definedby the testson
arrayattributes).

It is importantto realizethat the tree-CPDrepresentationcan
encodecombinatorialinteractionsbetweendifferentTFs. For ex-
ample,asshown in thefigure,in arraysin cluster3,exceptfor those
in phaseS of thecell cycle, genesthatareregulatedby Swi6 and
notFkh2arehighly overexpressed,whereasthosethatarealsoreg-
ulatedby Fkh2 areonly very slightly overexpressed.In addition,
thetreecanmodelcontext specificinteractions,wheredifferentat-
tributespredicttheexpressionlevel in differentbranchesof thetree.
In ourdomain,thiscancapturevariationof regulationmechanisms
acrossdifferentexperimentalconditions.For example,in phaseS
of thecell cycle, thesetof relevantTFsis completelydifferent.

4. Learning the model
In theprevioussection,we describedthedifferentcomponents

of ourunifiedprobabilisticmodel.In thissection,weconsiderhow
we learnthis modelfrom data: promotersequencedata,genomic
expressiondata,and(if available)localizationdata.A critical part
of our approachis that our algorithmdoesnot learneachpart of
the model in isolation. Rather, our model is trainedasa unified
whole, allowing informationand(probabilistic)conclusionsfrom
onetypeof datato propagateandinfluenceour conclusionsabout
anothertype. The key to this joint training of the modelare the



regulationvariables,thatarecommonto thedifferentcomponents.
It is importantÀ to rememberthatthesevariablesarehidden,andpart
of thetaskof thelearningalgorithmis to hypothesizetheir values.

Thereareseveralnontrivial subtasksthatour learningalgorithm
mustdealwith. First,aswediscussed,weneedto learntheparame-
tersof thediscriminativemotif models,asdescribedin Section3.1.
Second,we needto learnboththequalitative treestructureandthe
parametersfor our treeCPD.Finally, we needto dealwith thefact
thatourmodelcontainsseveralhiddenvariables:thedifferentReg-
ulatesvariables,andthearrayclustervariables.Wediscusseachof
thesesubtasksin turn.

4.1 Learning the SequenceModel

Our goalin this sectionis to learna modelfor thebindingsites
of aTF � thatpredictswell whether� regulatesa gene� by binding
somewherein itspromoterregion. Wedeferthetreatmentof hidden
variablesto Section4.3; hence,we assume,for the moment,that
we aregiven, as training data,a setof genes�5P "�Q 	��
�
�
	
�5P Á Q and
theirpromotersequences,andthatwearetold, for eachgene�5P Â Q ,
whether� regulates�5P Â Q or not.

Given Á genes�5P "�Q 	��
�
��	
�5P Á Q , and the valuesof their regu-
lation variable �5P Â Q � ������� , we try to maximizetheconditionallog
probability

�:Ã ���%� j � �5P Â Q � ������� k��5P Â Q � ����	��
�
�
	��5P Â Q � �5� � �
Our taskthereforeis to find thevaluesof theparameters> e P ° Q and� for thePSSMof � thatmaximizethis scoringfunction. It is easy
to seethat this optimizationproblemhasno closedform solution,
andthattherearemany localmaxima.Wethereforeuseaconjugate
gradientascent,to find a localoptimumin theparameterspace.

Conjugategradientstartsfrom an initial guessof the weights=> � c ¢ . 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 canuseany motif
learningalgorithmto initialize the model. We usethe methodof
BarashandFriedman[2], whichefficiently scoresmany motif “sig-
natures”for significantover-abundancein thepromotersequences
whichtheTFsupposedlyregulatesascomparedto thoseit doesnot.
It usestherandomprojectionapproachof BuhlerandTompa[6] to
generatemotif seedsof length6–15,and thenscoresthemusing
thehypergeometricsignificancetest. As describedby Barashand
Friedman,this approachcanefficiently detectpotentialinitializa-
tion pointsthat arediscriminative in nature. Eachseedproduced
by this methodis thenexpandedto producea PSSMof thedesired
length,whoseweightsserveasaninitializationpoint for theconju-
gategradientprocedure.

4.2 Learning the ExpressionModel

A secondsubtaskis to learnthemodelassociatedwith theex-
pressiondata,i.e., themodelof  � Level asa functionof geneand
arrayattributes:theregulationvariables,thearrayclustervariables,
andany otherattributeswe might have (e.g., the arraycell-cycle
phase).Again, we temporarilyassumethat theseattributesareall
observed,deferringthetreatmentof hiddenvariablestoSection4.3.

As we discussed,we usea tree-structuredprobabilisticmodel
for  � Level, with a Gaussiandistribution at eachleaf; hence,our
taskis to learnboththequalitative structureof thetreeandthepa-
rametersfor theGaussians.Our approachis basedon themethods
usedby Segal et al. [27]; we briefly review thehigh-level details.
Therearetwo issuesthatneedto beaddressed:a scoringfunction,
usedto evaluatethe “goodness”of different candidatestructures

relative to the data,anda search algorithm that finds a structure
with ahigh scoreamongthesuperexponentiallymany structures.

We useBayesianmodelselectiontechniquesto scorecandidate
structures[16, 12] . TheBayesianscore of astructureis definedas
theposteriorprobabilityof thestructure¾ givenadataset Ä :j ��¾ k Ä��[Å j ��¾Æ�rÇ j ��Ä k ¾ 	 b$� j ��b k ¾��7È�b
where

j ��¾Æ� is theprior over structures,and
j ��b k ¾�� is theprior

over parametervaluesfor eachstructure. This expressionevalu-
atesthefit of themodelto thedataby averagingthe likelihoodof
thedataover all possibleparameterizationsof themodel.This av-
eragingregularizesthe scoreandavoids overfitting the datawith
complex models.Whenthetrainingdatais fully observed,andthe
likelihoodfunctionandparameterprior comefrom certainfamilies,
Bayesianscoreoftenhasa simpleanalyticform [16], asa function
of thesufficient statisticsof thatmodel.

In our case,thesetof possiblestructuresarethetreestructures¾«¿ . EachparameterizationbX¿ for the leavesof the treedefinesa
conditionaldistributionover · given ¸ ��	
�
�
��	 ¸ � . Givena datasetÄ � E~¸ �XP Â Q 	
�
�
��	 ¸ �5P Â Q 	 · P Â Q M~ÉÃ s � , we want to find thestruc-
ture ¾«¿ thatmaximizesÇ � Ã j �/· P Â Q k ¸ � P Â Q 	
�
���
	 ¸ � P Â Q 	 ¾�¿ 	 bX¿�� j ��bX¿ k ¾�¿[�7È�bX¿ �
If we choosean independentnormal-gammaprior over theGaus-
sianparametersat eachleaf in the tree,this integral hasa simple
closedform solution;see[11, 17] for details.

Having defineda metric for evaluating different models,we
needto searchthespaceof possiblemodelsfor onethathasa high
score.As is standardin bothCPD-treeandBayesiannetwork learn-
ing [9, 13, 16], we usea greedylocal searchprocedurethatmain-
tainsa “current” candidatestructureanditeratively modifiesit to
increasethe score. At eachiteration,we considera setof simple
local transformationsto thecurrentstructure,scoreall of them,and
pick theonewith thehighestscore.Thetwo operatorswe useare:
split — replacesa leaf in a CPD-treeby an internalnode,andla-
belsit with somebinarytest ¸ � � ; andtrim — replacestheentire
subtreeat an internalnodeby a single leaf. To avoid local max-
ima, we usea variantof simulatedannealing:Ratherthanalways
takingthehighestscoringmove in eachsearchstep,we take a ran-
domstepwith someprobability, whichdecaysexponentiallyasthe
searchprogresses.

4.3 Dealing with Hidden Variables

In thissection,wepresentouroverall learningalgorithm,which
learnsa singlemodel that predictsexpressionfrom promoterse-
quence.In a sense,our algorithm“puts together”thetwo learning
algorithmsdescribedearlierin thissection.Indeed,if theregulation
(andcluster)variableswereactuallyobservedin thedata,thenthat
is all we would needto do: simply run bothalgorithmsseparately.
Of course,thesevariablesarenot observed; indeed,inferring their
valuesis animportantpartof ourgoal.Thus,wenow have to learn
a modelin thepresenceof a largenumberof hiddenvariables—��� ������� for every ��	 � , aswell as � � AClusterfor every � .

Themaintechniquewe useto addressthis issueis theexpecta-
tion maximization(EM) algorithm[16]. However, in applyingEM
in this setting,we have to dealwith the largescaleof our model.
As wediscussed,althoughourPRMmodelof Fig. 1(a)is compact,
it inducesa complex setof interactions.In theexperimentswe de-
scribebelow, we have 795 genes,9 TFs, and77 arrays,resulting
in a Bayesiannetwork modelwith 7242hiddenvariables.More-
over, the natureof the datais suchthat we cannottreatgenes(or



arrays)asindependentsamples.Instead,any two hiddenvariables
aredependent� on eachothergiventheobservations(seeFriedman
et al. [12] for anelaborationof this point). A key simplificationis
basedon theobservationthatthetwo partsof themodel— theTF
modeland the expressionmodel— decouplenicely, allowing us
to dealwith eachseparately, with only limited interactionvia the
Regulatesvariables.

We begin by learningthe expressionsubmodel. A good ini-
tialization is critical to avoid local maxima. Hence,we initialize
theRegulatesvariableswith somereasonablestartingpoint. Possi-
bilities include: direct inferencefrom localizationdata;a verified
sourceof TFs suchasthe TRANSFAC [32] repository;or the re-
sultsof applyinga motif-discovery algorithmto the resultsof an
expressionclusteringalgorithm (as in [5, 26, 29, 31]). We also
initialize theAClusterattributesusingtheoutputof somestandard
clusteringprogram.Treatingtheseinitial valuesasfixed,we then
proceedwith thefirst iterationof learningtheexpressionmodel.

Using this hardassignmentto all of thevariables,we begin by
learninga tree-CPD,asdescribedin Section4.2. We thenfix the
treestructure,andrun EM on the modelto adaptthe parameters.
As usual,EM consistsof: anE-step,whereweruninferenceonthe
model to obtaina distribution over the valuesof the hiddenvari-
ables;andanM-step,wherewetakethedistributionobtainedin the
E-stepandusethe resultingsoft assignmentto eachof thehidden
variablesto re-estimatethe parametersusing standardmaximum
likelihoodestimation.However, computationalreasonspreventus
from executingthis processsimultaneouslyfor all of the hidden
variables— ��� ������� and � � ACluster. We thereforeperforman in-
crementalEM update,treatingthevariablesa groupat a time. We
leave mostof the variableswith a hardassignmentof values;we
“soften” theassignmentto a subsetof thevariables,andadaptthe
modelassociatedwith them;we thencomputea new hardassign-
mentto this subset,andcontinue.

More precisely, we iterateover TFs � , for eachoneperforming
thefollowing process:Ê We “hide” thehardassignmentto thevaluesof thevariables��� ������� for all � , leaving theothervariables( ��� �����7Ë�� for �
ËÍÌ�� , and � � ACluster) with their currenthardassignmentvalues.Ê We perform an E-step,running inferenceon this model to

obtainaposteriordistributionfor eachvariable��� ������� . Note
that, since ��� ������� is hiddenand is part of both the PSSM
model and the expressionmodel, inferenceis donejointly
on both, andthe posteriorof ��� ������� is determinedby their
combinedprobabilistic influenceon ��� ������� as propagated
throughthe network. We alsonote that, with fixed assign-
mentsto all theothervariables,thedifferent��� ������� variables
areall conditionallyindependent,so that this inferencecan
bedoneexactly andvery efficiently.Ê WeperformanM-step,adaptingtheparametersin themodel
appropriately. Specifically, theM-stepmaychangetheGaus-
sianparametersat theleavesin thetree-CPD,becausegenes
now “end up” at different leavesin the tree,basedon their
new distribution for ��� ������� . Moreover, theM-stepinvolves
updatingthe parametersof the PSSMmodel. As discussed
in Section4.1, thereis no closedform solutionfor perform-
ing thisupdateandwethususeconjugategradientascent,re-
placingthehardclassificationfor ��� ������� which we assumed
exists in Section4.1, with a soft classificationfor ��� ������� ,
equalto the posteriorprobability of ��� ������� ascomputedin
theE-step.Ê We pick a new hardassignmentfor ��� ������� for every � , by
choosingits mostlikely valuefrom thedistribution.

This processis executedin a round robin for every TF. A simi-
lar processis executedfor thevariables� � ACluster. Oncewe fin-
ish theseEM updates,we eitherterminate,or repeatthewholese-
quenceusingtheupdatedassignmentto thehiddenvariables:learn-
ing the expressionmodel,followed by EM updates.This process
repeatsuntil convergence.

Fromanintuitive perspective, our approachis executinga very
naturalprocess.As we mentioned,hadthe ��� ������� variablesbeen
observed,we couldhave trainedeachpartof themodelseparately.
In oursetting,weallow theexpressiondataandthesequencedatato
simultaneouslyinfluenceeachotherandtogetherdeterminebetter
estimatesfor thevaluesof ������� .
5. Experimental results

We evaluatedour algorithmon a combineddatasetrelatingto
yeastcell cycle. The dataset involved all 795 genesin the cell
cycle datasetof Spellmanet al. [30]. For eachgene,we hadthe
sequenceof the gene’s promoterregion (1000bpupstreamof the
ORF),thegene’sexpressionprofileonthe77arraysof [30], andthe
localizationdataof Simonet al. [28] for ninetranscriptionfactors:
Fkh1, Fkh2, Swi4, Swi5, Swi6, Mbp1, Ace2, Ndd1, Mcm1. To
simplify the following discussion,we useRegÎ������ to refer to the
setof geneswherethestatisticalanalysisof Simonet al. indicated
bindingby theTF � with p-value # � #$#�" or lower. WeuseReg ����� to
referto thesetof genes� whereouralgorithmassignedaposterior
probabilityto ��� ������� which is greaterthan # � Ï .
5.1 Prediction Tests

We beganby experimentingwith several differentmodels,in-
volving variousamountsof learning.To objectively testhow each
modelgeneralizesto unobserveddata,weused5-fold crossvalida-
tion. In eachrun,wetrainedusing596genes,andthentestedonthe
expressionlevelsof theremaining199heldbackgenes.Theparti-
tion into training andtestsetdonerandomly, andall modelsused
exactly the samepartitions. We report the averagelog-likelihood
pergene.Differencesin this measurecorrespondto multiplicative
differencesin thepredictionprobabilityfor thetestdata.For exam-
ple,animprovementof +1 in theaveragelog-likelihoodrepresents
that the expressionlevel predictionshave twice the probability in
thenew modelrelative to theold one.

Themodelsandresultsareasfollows:Ê ÁÑÐ � , wherewetriedto predicttheexpressiondatausingonly
thecell-cycle phaseattributefor arraysanda corresponding
G-phaseattribute for genes,which representsthe phaseat
which thegeneis mostactive (see[30, Supp.data]);average
log-likelihood: � "%" ´�� ´ @NÒ!"$" � @ ´ (standarddeviation).Ê Á Ð � , where we tried to predict the expressiondata using
the cell-cycle phaseattribute for arraysandRegulatesvari-
ablesfor genes,whosevaluesweresimply setaccordingto
RegÎ������ ; averagelog-likelihood: � "
Ó%@ � Ô$Õ Ò�" ÏÖ� ´%× .Ê Á Ð � � , which is thesameas Á Ð � , exceptthatthelocalization
datais treatedasanoisysensor��� ������� of ahiddenRegulates
variable��� ������� ; averagelog-likelihood: � " ´ " � @ Ô Ò!"$" � ×%Ø .Ê Á Ð � Ù , whichintroducesthehidden� � AClusterattributes(with
5 possiblevalues)into Á Ð � � , andtrainsthemodelusingEM;
averagelog-likelihood: � "�#$Ó � Õ%Ø Ò ÏÖ� Õ%´ .Ê Á Ð �3Ú , which introducesthe sequencedata into the model
of Á Ð � Ù , giving us our full model; averagelog-likelihood:�ª× @ � Ï~× ÒF@ � "
Ó .
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Figure 2: (a) Changesin classificationof Regulates variables fr om the initial to the final iteration. (b) Table showing the PSSMs
found in the analysisand summarizing their specificity values.The table reportspercent “hits” in 3 groups: A — genesin Reg Î ����� ;
B — genesin Reg ����� ; C — not in Reg ����� . The table also reports specificity p-value for the regulatedgenes.(c) Figure of putative
combinatorial interactions basedon the Á Ð � Ù model. (d), (e) & (f) Plots of the averageexpressionfor subsetsof genesregulated
by differ ent combinationsof TFs. The � -axis denotesarrays along the four time coursesof Spellmanet al., and the c -axis denotes
averageexpressionlevel of the genesin eachgroup. The cell cyclephaseis shown by by the thin gray line that with peaksin the G1
phaseand tr oughsin the G2 phase.

We seethatour baselinemodel ÁÑÐ � doesfairly well, which is
not surprising:TheG-phaseattributeswerechosenspecificallyto
be an accuratedescriptionof the expressionprofile of the genes.
More interestingis the comparisonbetweenthe other four mod-
els. We canseethat the localizationdataalonecanexplain only a
smallpartof thedata,andachievesa fairly poorpredictive perfor-
mance.Thisis mainlydueto theconservativeapproachof Simonet
al. [28], who selectedthe thresholddefiningRegÎ������ to minimize
the numberof falsepositives; thus,mostof the genesin our data
sethadall theRegulatesattributessetto false.

Treatingthelocalizationdataasanoisysensoronly andrunning
EM improvestheaccuracy of the predictions.An examinationof
thedatashows that the EM processsubstantiallychangesthe val-
uesof the Regulatesvariablesfrom their initial valuesaccording
to RegÎ , primarily by addingnew genesfor which regulation is
hypothesized,i.e., wherethe most likely valueof ��� ������� is true.
(We discussthis issuefurtherbelow.) Thenew ������� variablesare
trainedto bemuchmorepredictive of theexpressiondata,so it is
notsurprisingthattheresultingmodelachievesahigherscore.The
additionof theAClusterattributesalsoimprovesthescoresubstan-
tially, asthefive-valuedcell cycle phaseattribute is not enoughto
distinguishbetweenqualitatively very differentarrays.For exam-
ple, someof the clusterscapturesdistinctionssuchas“early” vs.
“late” in the time series.Thesedistinctionsareimportant,aslater
measurementslostsynchronizationto acertaindegreeandthusare
less“sharp”. Finally, most interestingis the fact that, by intro-
ducingthesequence,we geta very substantialadditionalboostin

predictive accuracy.
We attemptedto isolatethesourceof this last improvementin

accuracy. We testedthe full model Á Ð �3Ú on the testdata,but giv-
ing it only the sequenceinformation, ratherthan both the local-
ization andsequenceinformation,as in our previous experiment.
In otherwords,althoughthemodelwaslearnedusinglocalization
data,in the testdatawe arepredictingthe expressionlevel using
only thesequencedata. In this case,theaveragelog-likelihoodis�ª×VÏÖ� Ó Ø Ò!Ó � × # , which is almostindistinguishablefrom the result
given the localizationdataaswell. This result is quite important,
becauseit suggeststhat our modelhas,indeed,learnedto predict
theexpressiondatadirectly from sequencedata!

5.2 Inferring Regulation

One of the main factorsthat contribute to the successof the
learningalgorithmis its ability to changethe classificationof the������� variablesfrom their original valuesasdeterminedby local-
ization alone. Thealgorithmchangesthesevariablesto provide a
betterexplanationof thetrainingdata.Theonly constraintson this
transformationarethoseimposedby ourchoiceof theprobabilistic
modelfor localization,which makesit very likely that if thebind-
ing of � to � wasassociatedwith a low p-value,thevalueof ��� �������
will remaintrue. Indeed,if weexaminethegenesfor which ��� �������
changedits value,we seethatthevaluechangedfrom true to false
for at most 1 or 2 genesper TF. Thus, the proceduremainly in-
troducednew genesinto Reg ����� . Fig. 2(a) comparesthe original
andfinal numberof genesin Reg ����� . We seethat the procedure



increasedthenumberof regulatedgenesfor all theTFs. For some
TFs (e.g.,

d
Ndd1,Swi4), thechangewasfairly minor; others(e.g.,

Fkh1,Fkh2,Swi6) increasedby closeto 5-fold.
Thereareseveralexplanationsfor thesechanges.In somecases,

thegenesthatwe addedarealsotruly regulatedby theTF, but the
signal wasnot visible in the localizationdata. For example,our
modelpredictsthatClb1 andCdc5areregulatedby Ndd1. There
is evidencethat thesegenesareregulatedby Mcm1 which works
togetherin G2/M with Ndd1. The analysisof Simonet al. failed
to find binding. Additionally, our model suggeststhat Fkh1 and
Fkh2 areregulatedby Fkh1 andnot Mcm1. This conclusionfits
therecentresultsof Hollenhorstetal. [18].

A secondexplanationfor this phenomenonis the fact that we
gavethemodelonly thenineRegulatesvariablesin orderto try and
explain a complex expressionmatrix. As such,the modelsome-
times had to “stretch” the boundariesof thesevariablesin order
to improve the quality of its predictions.Thus, it is possiblethat
thesemanticsof ������� mayhave changedin orderto captureinter-
actionsfor which no explanationwaspresentin the data. Never-
theless,we believe thatthesetsReg ����� aremeaningful,andalmost
certainlyco-regulatedby somecombinationof mechanisms.

Onestrongindicator in favor of this hypothesisis the demon-
stratedability of thealgorithmto predictexpressiondirectly from
sequencedata,suggestingthat thereare 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� , the percentageof genesfor which the PSSM learnedby our
algorithm determinedthe existenceof a motif, i.e., thosewherej � ��� ������� � true k^��� � � 	
�
�
�
	7��� � � �feµ# � Ï . We computetheper-
centagein threegroups:thegenesin RegÎ������ , thegenesin Reg ����� ,
andin theremaininggenes(thosewhere��� ������� � false). In addi-
tion, thetablelists thep-value(usinga hypergeometricmodel[2])
of themotif anda pictorial representationof thelearnedPSSM.

This tableshows several trends.We seethatsomemotifs (e.g.,
Mbp1) appearin a majority of the genesin Reg ����� . Moreover, in
somecases(e.g.,Ace2,Mcm1, Swi5) themotif is very rarein the
groupof genesfor which ��� ������� � false. Thus,thesemotifs are
quitespecificfor thegenesthey weretrainedon, aswe canseeby
thep-values.Thesignificanceof thep-valuessuggeststhat this is
not an artifact. In addition,we seethat the motifs have a similar
concentrationin thegenesin RegÎ ����� . Thus,althoughthesegenes
are often lessthan 25% of the training genes,the learnedmotif
is quite commonamongthem. This last resultsuggeststhat there
is no difference,from the perspective of finding commonmotifs,
betweenthe co-regulatedsetof genesdiscoveredby Simonet al.
andthosethatwereintroducedinto this setby ouralgorithm.

This conclusionis further validatedby comparingthe learned
PSSMsto the known binding sitesin the literature. The PSSMs
for Mbp1 andSwi4 aresimilar to the onesfound by Tavazoieet
al. [31]. ThePSSMfor Mcm1 is alsosimilar to theonefoundby
Tavazoieet al., exceptthat they discovereda homodimersite that
consistsof two roughly palindromicparts. Our PSSMfor Mcm1
capturesonly oneof theseparts. (We note that sinceour model
scansbothstrands,it sufficesfor thediscriminative modelto learn
only half of thesite.) Our PSSMfor Fkh1matchesthemodelsug-
gestedby Zhu et al. [33]. On theotherhand,our PSSMfor Swi5
andAce2arequitedifferentfrom theknown onesin theliterature.

Finally, it is interestingto examine the PSSMslearnedfrom
Ndd1 andSwi6. The currenthypothesisfor Ndd1 is that it can-
not bind to the promoterdirectly. Rather, it is recruitedby either
Fkh1/2or by Mcm1. ThePSSMwe learnedfor Ndd1is somewhat
similar to PSSMlearnedby Simonet al for Fkh1. Similarly, Swi6
is recruitedby eitherSwi4 or Mbp1; and, indeed,the PSSMwe

learnfor Swi6 is similar (but not identical)to thepublishedMbp1
motif.

5.3 Biological analysis

We end the discussionof our resultsby examining their bio-
logical plausibility. First, we testedtheextent to which our setof
potentiallyco-regulatedgeneswereactuallyco-expressed.To do
so, we computed,for eacharray � , the averageof the expression
levels for the genesin Reg ����� . Fig. 2(d) shows the expressionof
Swi5 andtheaverageexpressionof Swi5-regulatedgenes.We see
that theexpressionof Swi5 regulatedgenesfollows a pronounced
cyclic behavior thatpeaksin theM cell cycle phase.We alsocan
seethat the Swi5 geneis transcribedbeforeits proteinproductis
beingused. This is consistentwith knowledgethat Swi5 itself is
transcriptionallyregulated[28, 30]. In addition,thefact thatSwi5
is transcribedbeforethe genesit activatesfits nicely with biolog-
ical understanding,wherethe delaycorrespondsto the time need
for translationof theSwi5 transcriptandthenthetimerequiredfor
it to bind to its targetsitesandinitiate transcription.

As describedabove, we expectour modelto captureeffectsof
combinatorialregulation.Thesecanbeseenwhenwe examinethe
expressionof groupsof genesthat are regulatedby two or more
TFs. Fig. 2(e) shows that genesthat areregulatedby both Fkh2
andSwi4peakin G1andlateG1,whereasgenesregulatedby Fkh2
andNdd1peakin M or M/G1. Thisbehavior is exactlycompatible
with ourcurrentunderstandingof theroleof thesetwo transcription
factorcomplexesthat involve Fkh2. Fig. 2(f) shows the behavior
of threecomplexesinvolving Mcm1: with Ndd1,Ace2,andSwi5.
Wecanseethatgenesalsoco-regulatedwith Ndd1peakearlierthan
theothertwo. Onceagain,thisbehavior is compatiblewith current
biologicalunderstanding;see[28].

We thentried to seeif we canrecover biological insightsfrom
our Á Ð � Ù model.Recallthatthetreestructurelearnedby ourmodel
definesa setof groupings, eachonedefinedby oneof the leaves
of the tree. Eachgroupingis associatedwith a list of tests(e.g.,��� ��� Swi4� � true) on attributesof thegenesandattributesof the
arraysthat occuron the path to the leaf. It thereforealsocorre-
spondsto a “rectangle” in the expressionmatrix (definedby the
genesandthearraysthatsatisfythetests),which hasa similar ex-
pressionvalue. The testsperformedalongthepathindicatewhich
aspectsof genesandarraysareimportantfor definingauniformset
of expressions.Thus,they canprovide biologicalunderstandingof
theprocesses.

However, beforeimputingbiologicalsignificanceto thesetests,
it is important to realize that not all of them are truly relevant.
While someof thesetestsare crucial to defining a coherentset
of genesandconditions,othersmight simply beanartifactof our
learningalgorithm. We thereforeperformedsignificanceanalysis
on eachof thetestsusedto producethis grouping,usinga � -testto
comparetheexpressionmeasurementsin therectanglewith theex-
pressionmeasurementssatisfyingall othertestsdefiningthegroup-
ing exceptthe onein question. We theneliminatedteststhat ap-
pearedirrelevant, remainingwith a setof overlappingrectangles,
suchthat all of the testsusedto definethe rectanglewereneces-
sary, with ap-valueof lessthan5e-4.

We selectedgroupsthatwereover-expressed,in thattheir aver-
ageexpressionlevel wasgreaterthan # � Ï . (Recallthat theexpres-
sion levels of Spellmanet al. aremeasuredin units of log (base
2) of the ratio to a control.) We note that, in this data,coherent
groupsarealwaysspecificto aparticularcell-cyclephase,asdeter-
minedby the testsin the definition of the group. We thenlooked
for indicationsof combinatorialregulation:groupswhich required
regulationby two TFs.Theresulting“interactionmap” is shown in



Fig. 2(c), with anarcbetweentwo TFs indicatingjoint regulation
in at leastg onegroup.Thedifferentarcsindicatejoint regulationin
differentcell-cyclephases.

Many interactionsin thismapcorrespondverywell with known
biology. For example,the interactionsbetweenMbp1 andSwi6,
betweenSwi4 andSwi6,betweenAce2andMcm1,betweenSwi5
andMcm1,betweenNdd1andMcm1,andbetweenFkh2andMcm1.
Otherinteractionsthatwewouldhaveexpectedaremissing,suchas
the interactionbetweenAce2 andSwi5, betweenFkh1 andFkh2,
andbetweenFkh1 andNdd1. The latter two canperhapsbe ex-
plainedby thefactthatFkh1andFkh2regulateverysimilar setsof
genes,andarethereforesomewhat interchangeable.As our learn-
ing algorithm looks for compactmodelsthat explain the data, it
may choosenot to introduceone test on a path if if the data is
alreadyexplainedwell usingsomeothertest.Hence,somewhatre-
dundanttests,suchasthoseonFkh1andFkh2,mightnever appear
togetherona path.

Otherinteractionsin themapmaysuggestpotentiallyinterest-
ing hypotheses.For example, finding Ndd1 in interactionwith
Mbp1 on G1 genessuggeststhattheNdd1proteinmayparticipate
togetherwith the Forkheadproteinsin modulatingthe expression
of Mbp1 targetsin G1,assuggestedalsoby theresultsof Pilpel et
al. [24]. Otherinteractionsalsoseemcompatiblewith the results
of Pilpel et al., including the interactionbetweenFkh2 andSwi4,
Swi6,andMpb1.

Finally, wecomparethegenesin thesecoherentgroupstoknown
annotationsof genesfrom the YPD server [10]. Many of these
groupscontaina significantportionof genesannotatedwith a par-
ticular functionalor cellular role. For example,thereis a groupof
43 genesthat are regulatedby Swi6 andMbp1 but not by Swi4,
which contain8 DNA repair genes(out of 37 suchgenesin the
data).Suchaconcentrationhasp-valueof ´  � @ . Thesamegroup
of genesalsocontain14/72chromatin/chromosomestructuregenes
(p-value =  XÓ �UØ ), 5/8 DNA polymeraseor subunit (p-value =Õ  � Ø ), and10/36DNA synthesisgenes(p-value= Ó% � Ø ). These
resultsarecompatiblewith our biologicalunderstandingaboutthe
processesthatoccurin phaseG1 of thecell cycle,whentheseTFs
areactive. Anothergroupof 73genesis definedasbeingregulated
by Swi6,Mbp1,andFkh2. It contains17/77DNA-binding protein
genes(p-value= ×  � Ï ) and20/72chromatin/chromosomestruc-
turegenes(p-value= @V �iÕ ). A final exampleis a setof 72 genes
regulatedby Ace2 andnot by Swi4, containing11/37amino-acid
metabolismgenes(p-value= Ô  �iÏ ).
6. Discussion

In thispaper, wedescribeaunifiedprobabilisticframework that
definesa (simplified) model of the “end-to-end” processof ge-
nomic expression: from transcriptionalregulation, basedon the
binding of transcriptionfactorsto the gene’s promoterregion, to
theexpressiondataitself. We show how to learna coherentmodel
basedon heterogeneousdata:sequencedata,expressiondata,and
binding localizationdata. We demonstrateour algorithm on the
yeastcell cycle process,showing thatour framework doeslearnto
predictexpressionfrom sequence.Our algorithmalsofindshighly
significantmotifs in clustersthatit assertsareco-regulated,provid-
ing a strongbiologicalbasisfor this claim. We alsoshow that the
learnedmodelprovidesvaluablebiologicalinsightinto thedomain,
includinginformationaboutcombinatorialregulationbycomplexes
of transcriptionfactors.

Our paperis not the first to try and provide a unified proba-
bilistic framework for thesemultiple sourcesof data.Holmesand
Bruno[19] describea simpleNaiveBayesmodelfor promoterse-
quenceand expression,wherethe genesare partitionedinto dis-

joint clustersusinga hiddenClustervariable,whosevalueproba-
bilistically determinesboth thesequence(andpresenceof motifs)
of the promoterregion andthe expressionprofile. This model is
muchsimplerthanours,andfails to captureimportantaspectssuch
as combinatorialeffects betweentranscriptionfactors,or the ef-
fect of arraypropertieson the expressiondata. The recentwork
of Harteminket al. [15] tries to provide a unified framework for
localizationandexpressiondata. Their approachis basedon the
Bayesiannetwork basedframework for pathway discovery of [14,
23]. They usethelocalizationdatato guidethediscovery by limit-
ing thesetof modelsthey consider. Theirapproach,however, only
makesuseof the small setof regulationpredictionsthat received
very low p-valuesin the analysisof the localizationdata. As our
resultsshow, it is possibleaswell asbeneficialto make useof all
of the localizationresults. Finally, we note that neitherof these
approaches,nor any of theothersdiscussedin the introduction,is
capableof makinguseof all threetypesof data— expression,lo-
calization,andsequence— within the context of a single frame-
work.

Therearemany obviousextensionsto thiswork, whichweplan
to pursue.It seemsfairly clearthattheregulationeventsof a small
subsetof transcriptionfactorsarenot sufficient to explain thevari-
ability in the expressionmeasurements.For example,it might be
that � playsarolebothasanactivatorof somegenes,andrepressor
of others.Thus,learningthat ��� ������� holdsis notsufficient for pre-
dicting the expressionof � . It is possibleto extendthe algorithm
by introducingnew hiddenattributesof thegenes.Thesevariables,
might allow us to make importantdistinctionsamonggenesregu-
latedby thesameTF, andconsequentlymake betterpredictionof
the expressionof thesegenes. If learnedin a guidedway, these
hiddenvariablesmightevencorrespondto regulationby new regu-
latory elementsor complexes,with associatedsequencemotifs on
the one handand predictive ability for expressionson the other.
In addition, our currentPSSMmodelsof binding sitesare quite
simplistic. As we show, discriminative trainingallow usto recog-
nize binding sitesusingsuchsimplemodelsin a specificmanner.
Nonetheless,thesebindingsitesdonotexplainall theregulationat-
tributes.To getabettermodelmayrequirelearningmoreelaborate
bindingsitemodels,or explicitly modelingadditionalattributesof
bindingsites(their locationin thepromoter, their relative affinity,
etc.) thatclearlyplaya role in thebiologicalsystem.

Finally, thispaperisastep(following [27]) in along-termproject
thataimsat integratingmany differenttypesof dataandproviding
amechanismfor learningaunifiedprobabilisticframework for key
genomicprocesses.
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