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Abstract

We proposea probabilisticmodelfor cellularprocesses,andanalgorithmfor
discoveringthemfrom geneexpressiondata.A processis associatedwith a setof
genesthatparticipatein it; unlikeclusteringtechniques,ourmodelallowsgenesto
participatein multipleprocesses.Eachprocessmaybeactive to adifferentdegree
in eachexperiment.Theexpressionmeasurementfor gene� in array � is a sum,
over all processesin which � participates,of theactivity levelsof theseprocesses
in array � . We describean iterative procedure,basedon the EM algorithm,for
decomposingtheexpressionmatrix into a givennumberof processes.Wepresent
resultson Yeastgeneexpressiondata,which indicatethatour approachidenti�es
realbiologicalprocesses.

1 Intr oduction

A living cell is a complicatedsystemthatperformsmultiple functionsandhasto re-
spondto a varietyof signals.To organizethis complex webof activity, thecell tends
to compartmentalizeits activity into distinct processes, or modules. This global or-
ganizationcannotbe discernedby studying the propertiesof isolatedcomponents.
Genome-widemeasurementsof mRNA expressionlevel acrossmultiple experimen-
tal conditionsprovide uswith a globalpictureof thecell's activities, andprovide the
potentialfor ahigh-level understandingof its behavior.

Clusteringtechniquesarethemostcommonapproachesto identifying functional
groupsin geneexpressiondata.Theseapproachesgenerateclustersof genesthathave
similarexpressionpro�les overarangeof experimentalconditions[6, 4,14]. However,
theseapproachesgroupgenesinto mutuallyexclusiveclusters,andarethuslimited in
theirability to representthetrueunderlyingbiologicalsystem:many genesareknown
to bemulti-functional,andthusshouldbelongto morethanonefunctionalgroup.

In this paper, we introducea probabilisticframework for discovering biological
processesfrom expressiondata. Eachprocessis associatedwith a setof genesthat
participatein it; unlike clusteringmethods,our modelallows genesto participatein
multiple processes.Eachprocessmight be moreactive in someconditionsandless
active in others.Thus,ourmodelde�nesfor eachexperimenttheextentto whicheach
processis active in that experiment. In our model, the expressionmeasurementfor
gene� in array � is a sum,over all processesin which � participates,of the activity
levelsof theseprocessesin array � . Thus,we decomposetheentireexpressionmatrix
asasumof theexpressionlevelsof all theactiveprocesses.

OurmodelresemblesthePlaidmodelproposedby LazzeroniandOwen[11]. The
Plaid modelalsodecomposesthe expressiondataasa sumof overlapping“layers”;
eachlayeris associatedwith a setof genesandexperimentsthatde�ne theexpression



of thatlayer. ThereareseveraldifferencesbetweenourmodelandPlaid.Of these,the
mostimportantis thatPlaidusesa greedysequentialapproachto performthedecom-
position,attempting,in eachstep,to explain asmuchof the unexplainedexpression
dataaspossible.Oncealayerhasbeenlearned,it remainsunchangedandis subtracted
from theexpressiondata.In contrast,ourmodelis trainedasauni�ed whole,allowing
theassociationof geneswith processesto changeastheprocessmodelsbecomemore
re�ned, andthe processmodelsto changeasthe setof assignedgeneschanges.As
we demonstratein our experimentalresults,our approachdiscoversmuch“cleaner”
processesthandoesPlaid: Thesetof genesassociatedwith a processby ourapproach
oftencontainsa very high fractionof genesthatareknown to sharea functionalrole.
By contrast,Plaid layersaremuchlargerandmoreheterogeneous,anddo not corre-
spondasneatlyto abiologicalprocess.

We provide an iterative algorithm for learningthe model from geneexpression
data,basedon the expectationmaximization(EM) algorithm[5]. Oncea modelhas
beenlearned,we canreadthe processesdirectly from it. For eachprocess,we read
boththegenesthatparticipatein it aswell asthelevelsof activity of eachprocessin all
experiments.Wedescribeencouragingresultsonrealdata,providingevidencethatour
approachidenti�es realbiologicalprocesses.Speci�cally, we show a high correlation
betweenthe genesetsconstructedand known biological processes.We also show
signi�cant DNA binding sites in the promoterregions of the genesin the process.
Finally, we show caseswhereour learnedactivity levels for processeshadextremely
high correlationswith the expressionlevels of known regulatorsof thoseprocesses;
importantly, theseregulatorswere not part of the input datagiven to our program,
indicatingthatourprogramreconstructedthelevelsof activity of theseprocesses.

2 Probabilistic Model

In this sectionwe presentour probabilisticmodel. Our approachis basedon the lan-
guageof probabilistic relationalmodels(PRMs), asdescribedin [10, 7]. For lack of
space,we do not review thegeneralPRM framework, but focuson thedetailsof the
model,which follow theapplicationof PRMsto geneexpressionin [14]. A simpli�ed
versionof ourmodelis presentedin Fig. 1(a);we now describeits elements.

The PRM framework representsthe domainin termsof the differentbiological
entitiesthatinteractin it: genes,arrays,expressionmeasurements,andbiologicalpro-
cesses.Also, eachobjectmaybeassociatedwith a setof attributesthatarerelevantto
theinteractionsin thedomain.Speci�cally, our modelincludesa set � of � geneob-
jects ����� ���	��
�
�

� ����� , a set � of � arrayobjects����� ������
�
�
�� ����� , anda set � of
expressionobjects��������� � �!��
�
�
��"���#� ��� , onefor eachgenein eacharray. Eachexpres-
sionobject � is associatedwith ageneobject ��
 Gene� � , anarrayobject ��
 Array � � ,
andareal-valuedattribute ��
 LeveldenotingthemRNA expressionlevel of ��
 Gene� �

in ��
 Array � � .
In addition,we includea setof $ processobjects.Our modelmakesexplicit the

notion that genesparticipatein biological processesandthat processesareactive to
varying degreesin arrays. Thus, for eachgeneobject � we de�ne a set of binary
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Figure1: (a) PRM for theprocessmodel. (b) An instantiationof thePRM to a particulardatasetwith 2
genes,2 arraysand3 processes.
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representsthe aCtivity level of
process� in array � .

Eachexpressionmeasurement� associatedwith gene� ����
 Geneandarray � �

��
 Arrayis assumedto bea(stochastic)functionof theprocessesin which � participates
andof theactivity level of thoseprocessesin thearray � . More precisely, let � 
 � be
the set of all � 's membershipvariables,and ��
�	 be the set of all � 's activity level
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where �
� is thestandarddeviation of all expressionmeasurementsin array � . Thus,

the expressionmeasurementfor gene � in array � can be viewed as the sum over
expressioncomponents,with eachcomponentbeingtheresultof theactivity in array

� of someprocessto which � belongs.
To completethe descriptionof our probabilisticmodel, we associatewith each

process� aprior probability
���

��


�
�

� �'&

�

, which is theprior probabilitywith which
any geneparticipatesin � . We also associatewith the continuousattribute ��
 �

�

a
uniformdistribution (oversomeappropriatelyboundedrange).

Althoughthedescriptionof our modelis compact,its instantiationto a particular
dataset is quite large. In a speci�c instantiationof the PRM modelwe might have
10 processes,1000 genesand 100 arrays. Thus, we have as many as (*)+),).-/(0)+)

expressionobjects(if all expressionsareobserved),so the instantiationof our model
to a particulardatasetcontainsa large numberof objectsandvariablesthat interact
probabilistically. Theresultingprobabilisticmodelis a Bayesiannetwork[12], where
the local probability modelsgoverningthe behavior of nodesof the sametype (e.g.,
all nodes��


���

for differentgenes� in process� ) areshared.Fig. 1(b) shows a small
instantiationof suchanetwork, for two genes,two arrays,andthreeprocesses.

Puttingeverythingtogether, aninstantiationof thePRMmodelspeci�esthemem-
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for all arrays
��� � andall processes� , andtheexpressionlevel ��
 Level for all ��� � . The joint
distributionoverall possibleinstantiationsis givenby:
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where� � ��
 ����� ��	 and � � ��
 � ��� � .
Ourmodelhasseveraldesirableproperties.First,processesarerepresentedexplic-

itly makingit easyto “read” off processesfrom themodel: the � 


� �

variablestell us
whichgenesparticipatein process� andthe ��
��

�

variablestell ustheactivity level of
eachprocess� in eacharray. Second,themodelallowsfor genesto participatein more
thanoneprocess(sincewecouldhave � 


� �

� ( and� 


� �

� ( for differentprocesses
� and & ), which enablesusto modelmulti-functionalgenes.Finally, aswe will seein
the next section,the probabilisticmodel allows us to utilize statisticaloptimization
techniquesto learnthemodelsfrom dataoverseveralprocessesjointly.

3 Learning the Model

In the previous section,we describedthe different componentsof our probabilistic
model.Wenow considerhow we learnthismodelfrom data.Weassumethattheonly
informationgivenis theexpressiondataitself, andthenumberof processeswewishto
identify. We donotknow whichgenesparticipatein whichprocessesnor thelevelsof
activity of arraysprocesses.Thus,all attributes ��


�
�

and ��
 �

�

arehidden.Fromthe
perspective of themodelparameters,theprior probabilitiesof thedifferentprocesses
—

���
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�

arealsounknown. We assumethat theexpressionlevel modelis
given,asin Eq.(1), andthatthedistribution

���

��
��

�

� is uniformand�x edfor all ���

� .
Thelearningproblemwehavehereis quitecomplex, asit involvesa largenumber

of hiddenvariables.Themaintechniqueweuseto addressthisissueis theExpectation
Maximization(EM) algorithm[5], whichallowsparameterestimationwith incomplete
data.TheEM algorithmis aniterative method.Startingfrom aninitial settingfor the
parameters,it repeatedlyperformstwo steps.In theE-step, it computesthedistribution
over theunobservedattributes� 
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� ��
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�

(for all ��� ���

� ), giventheobservedexpres-
sion dataandthe currentestimateof the parameters.It usesthis distribution to “�ll
in” eachmissingattribute. Two variantsof theEM algorithmaresoftEM, wherethe
completionexplicitly accountsfor theprobabilityover thevaluesof eachmissingat-
tribute,andhard EM, which simplyselectsthesinglemostlikely assignmentsto each
attribute.TheM-stepre-estimatestheparameters,usingthecompletionof themissing
attributesas if it werereal, usinga standardmaximumlikelihoodestimationproce-
dure. The processthen repeats,using the new parameters,until convergence. Soft
EM is guaranteedto convergeto a local maximumof the likelihoodof theobserved
data

���

� 
 Level� ; hardEM is guaranteedto convergeto a local maximumof thejoint
likelihoodof theobserveddataandthecompletion—

���

� 
 � �"� 
�	 � � 
 Level� .



In applyingeithervariantof EM to ourmodel,wemustdealwith thecomplexities
of theE-step,which requirethatwe computethedistribution over all assignmentsto
both � 
 � and � 
 	 . As we discussed,our modelinducesa complex setof interac-
tions. In theexperimentswe describebelow, we have 1010genes,173arrays,and10
processes.This resultsin a modelwith (,(������+) hiddenvariables.Moreover, the na-
tureof thedatais suchthatwe cannottreatgenes(or arrays)asindependentsamples.
Instead,any two hiddenvariablesaredependenton eachothergiventheobservations
(see[7] for anelaborationof thispoint). For example,considertwo genes� and � ; � 's
assignmentto processesin�uencesour estimatesof the � 
��

�

variables,which in turn
in�uence our membershipprobabilitiesfor � . Due to thesedependencies,the exact
computationof theE-stepis intractablefor largedomains.

However, our modelis suchthat if we weregiven thevaluesof ��
��

�

for all ���

� ,
then the assignmentsof the different genesto processesare renderedindependent.
Likewise, given a �x ed assignmentof genesto processes( � 


� �

), the activity levels
for eacharray � canbeestimatedfrom theseassignmentsandfrom theexpressiondata
in � alone,without knowing theactivity levelsin otherarrays.

Thiskey observationsuggeststheuseof hardassignmentsto thehiddenattributes,
ratherthana soft assignment.Thus,we usea variantof hardEM. In this case,our
goal in the E-stepis to �nd the maximumprobability assignmentto the variables

� 
 � �"� 
�	 , giventhecurrentparametersetting.This problemis still intractable,but
wecanuseourobservationto �nd a verygoodlocalmaximum.

Speci�cally, startingfrom aninitial assignmentof genesto processes(whichcould
comefrom standardclusteringmethods),we �nd themostlikely activity levels � 
�	 .
We then�x theseactivity levels,and�nd themostlikely assignmentto � 
 � . Each
stepincreasesthe joint likelihood

���

� 
 � �"� 
 	 �"� 
 Level� giventhecurrentparame-
ters,andthustheprocessis guaranteedto converge.Theresultingassignmentto these
variablesis a fairly stronglocal maximum: No stepthat adaptsonly the genemem-
bershipsor the arrayactivity levels canimprove the likelihood;however, a stepthat
adaptsbothgenemembershipsandarrayactivitiesmight.

At convergence,theE-stepiscomplete,andwecanusethe�nal assignment� 
 ��� ,
� 
 	

�
to estimatetheparameters&

�

, usingstandardmaximumlikelihoodestimation.
Moreprecisely, we computetheexpectedsuf�cient statistics:
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where
�

is an indicator variablethat takes value ( when its argumentholds and )

otherwise.We thencomputetheprobabilities&
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Thealgorithmasawholeis shown in Fig. 2. As wecansee,it de�nestwo separate
optimizationtasks:�nding themostlikely membershipsof genesin processesgiven
activity levels (step2(a)i), and�nding themostlikely activity levelsgiven themem-
bershipsof genesin processes(step2(a)ii). We discussthe implementationof these
stepsin thesubsequentsubsections.



1. Initialize ��� � usingstandardclusteringtechniques.

2. Repeatuntil convergence

(a) E-stepRepeatuntil convergence

i. Find the assignment to each activity level ��� � that maximizes �	�
��� � �




� Level����� ��� .
ii. Find the assignmentto each gene membership ��� � that maximizes �	����� � �




� Level����� � .

(b) M-step Estimatetheparameters��� asin Eq.(3) andEq.(4).

Figure2: Full LearningAlgorithm

A critical part of our approachis that our algorithmdoesnot learnthe member-
ship andactivity of eachprocessin isolation. Rather, our model is learnedover all
processessimultaneously, allowing informationand(probabilistic)conclusionsfrom
oneprocessto propagateandin�uence our conclusionsaboutanother. For instance,
assumethatour learningprocessplacesa gene� into process� at somestep,andthat
this membershipexplains � 's expressiondatavery accurately. In this case,� will be
lesslikely to be a memberof otherprocesses,allowing othergenesassignedto the
processto havea strongerin�uence on theactivity level pro�le of theprocess.

Oneof ourtwo tasksis to �nd themostlikely activity levelsgiventhememberships
of genesin processes.Here,weassumethatwearegiven,for eachgene� , all thepro-
cesses� in which it participates. Thus, we now needonly to �nd the most likely
assignmentto the activity levels of arraysin processes,i.e., ����� �!� �

� � "

���

� 
�	 �

� 
 Level� � 
 � � . UsingBayesrule, our assumptionof uniform prior over each��
��

�

,
andthemodelin Eq.(1), we canreformulateourmaximizationtaskas

� �#�$�%� �

� � "

���

� 
 Level �	� 
 	 � � 
 � � �

� �#�$�!� �

��� "

�

�

���

�

�

���'& (

)�*

�

+

(

,

$�-

� �

� ���

+

�

��
 Level ��
 � �#"

$

�

"

� ./.

where ��0 � is the column of the expressionmatrix that correspondsto the array � .
Simple algebraicreformulationshows that this problemis, in fact, a standardleast
squaresproblem 132 � ��4 , where: 1 is thestandard� - � expressionmatrix; � is
an �!- $ 0-1matrixsuchthat �

�

�

�

containsa ( if gene� is amemberin process$ and
� is a � - $ matrixsuchthat �

�
�

�

representstheactivity level of array � in process� .
The matrices1 and � areboth �x ed, andour goal is to �nd the matrix � that

minimizesthesquared-errorfor 152 � ��4 . It is well-known [9] thata least-squares
solutionto this systemexists,andcanbefoundeffectively usingstandardmethods.

We now turn to our secondoptimizationproblem,wherewe aregiventheactivity
levels of all processesin all arraysandour taskis to learnthe assignmentsof genes
to processes.Thus,theattributes� 


� �

arehiddenfor all genes� andall processes� .
However, with all activity levelsgiven,assignmentsof genesto processesareindepen-
dentacrossgenesandwecan�nd themostlikely assignmentfor eachgeneseparately.

To performthis maximization,we maximize
���

� 
 � � �

�

� � 
 	 � separatelyfor
eachgene� , where �

� is therow in theexpressionmatrix correspondingto thegene



� . Moreprecisely, this computationcanbedoneasfollows:
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where �

�

� �0) �*(�� , and 
 is a normalizationconstant.Theexpressioninsidethe�nal
term in the productis simply the Gaussianmodel for the expressionlevel given its
parents,asin Eq.(1).

For modelsthatincludea largenumberof processes,wecannotperformthismax-
imization over � 
 � exactly. The numberof calculationsrequiredfor eachgeneis
exponentialin thenumberof processes,sinceeverypossiblejoint assignmentto ��
 �

mustbeconsidered.In thesecases,we useanapproximation.Insteadof considering
every possibleassignmentto ��
 � , we includeonly a subset��
 ��� of processes,and
excludeall others� 
 ��� , forcing their valueto 0. To selectour subset,we relax the
problemandallow each� 


���

to be any real valuebetween0 and1. We thenmaxi-
mizeEq.(5) subjectto thisrelaxation.Thisproblemreducesto aboundedleastsquares
problem,whichwecansolveexactly[3]. Wethenselect� 
 �

� from ��
 � , by choosing
thosevariableswhoserelaxedassignmentsareclosestto 1 (in practicethemajority of
thevariablesareassignedto 0 in therelaxedsolution).Finally, we �nd themostlikely

�0)���(�� assignmentto � 
 �
� with all othervariables�x edto 0 by maximizing:
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4 Model Evaluation

We �rst evaluatedour approachonsyntheticdata.Theseexperimentstestwhetherwe
recoverstructureknown to bepresentin thedata.Wegeneratedasyntheticdatasetby
samplingfrom aPRMmodel.To makethedatarealistic,weusedPRMmodelslearned
from realbiologicaldata[8]. Speci�cally, we �rst learneda modelwith 7 processes.
We thensampleddatafor 500genesand173experiments(theoriginaldatacontained
173 experiments)from the model: assignmentsof genesto processesweresampled
from thedistribution our modelhadfor the � 
 � variables,andexpressiondatawas
thenderivedby computingtheexpectedexpressionlevels(accordingto our modelof
expression)from thesampledassignmentof genesto layersandthe ��
 	 meanswhich
werepartof thelearnedmodel.

Wethenhid thetrueassignmentsof genesto processesandactivity levelsin arrays,
aswell astheoriginalmodelparameters&

�

, andlearnedamodelwith 7 processesfrom
thesyntheticexpressiondatausingthealgorithmdescribedin Section3. To testthe
robustnessof our learningalgorithmto noise,we alsolearnedmodelsusingvarious
levelsof perturbations,whereaperturbationlevel of

-

correspondsto shuf�ing
-	�

of
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Figure3: (a) Fractionof learnedpairsappearingin thetruedataandfractionof truepairsin thelearned
modelfor variouslevels of perturbations.(b) Log-Likelihoodon testdataachieved for learnedmodelsfor
variouslevelsof perturbations.(c) Motifs learnedby searchingfor commonalitiesin theupstreamregions
of thegenesin eachprocess.

the expressiondataacrossall genesandexperiments.To gain statisticalcon�dence,
wegenerated� vedatasetsfor eachperturbation

-

, andlearnedamodelfrom each.
All modelswere evaluatedby their ability to recover the “true” assignmentsof

genesto processes(trueassignmentsaretheassignmentsin thesampleddata)by per-
forminga pairwiseconsistency test:weextractedall genepairsappearingin thesame
processin our learnedmodel,andcomputedthe fraction of thesepairsappearingin
the true data. We alsotestedthe reverse,extractingall the true pairsandcomputing
the fractionof thesepairsappearingin a learnedmodel. Theresultsaresummarized
in Fig. 3(a),indicatingthatouralgorithmreconstructsthetruestructurewith veryhigh
accuracy evenif 30%of thedatais perturbed:genepairsassignedto thesameprocess
in thetruedata,arelikely to appearin our learnedmodelandvice versa.Notethat in
fully randomizeddata(100%perturbation),a high fractionof thepairsin thelearned
modelwereindeedpresentin thetruedata(

�

��� )�
 �

�

). Thisoccurssincetherandom-
izeddatacontainsmuchweakerpatternsandthetotalnumberof pairslearnedis small,
ascanbeseenby thepoorcoverage(
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 �

�

) of truepairsin thesemodels.
As anotherevaluation,we measuredthe ability of our learnedmodelsto predict

unseendata,by computingthe likelihoodthat eachmodelassignsto held out data.
Speci�cally, werandomlypartitionedthedatainto � veequallysizedsetsof 100genes
andlearned� vemodelsfrom all � vepossiblecombinationsof four sets.For eachsuch
modelwe computedthe likelihoodit assignedto the held out subset.We compared
theseresultsto thelikelihoodthatthe“true” modelfrom which thedatawassampled
assignedto theheldout testdata.Theseexperimentswerealsoperformedin thepres-
enceof varying levelsof perturbations.The resultsaresummarizedin Fig. 3(b). As
canbeseen,thetestsetlikelihoodis comparable(andevenbetterwith verylittle noise)
for up to 30%perturbations,droppingsharplyasmorenoiseis added.

Recallthatwhenthenumberof processesis large,we resortto theapproximation
describedin Section3. To evaluateourapproximatealgorithm,welearneda12process
model, wherewe could apply the exact algorithm and comparethe results. In our
results,�"��


$��

of thegeneshadthesameassignmentto processesin theapproximation
andexact algorithm. However, the training and test set likelihoodsof both models



werepractically the same,implying that the errorsmadeby the approximationhad
little effect.

5 Biological Analysis

We now considerthedatasetof Gaschet al. [8], who characterizedthegenomicex-
pressionpatternsof yeastgenesin 15 differentexperimentalconditions.We selected
1010genesthathadsigni�cant changesin geneexpression(eliminatingtheESRgenes
for whichclusteringis trivial), andthefull setof 173arrays.

We usedthe modeldiscussedabove, with 30 processes.Overall, our modelpre-
dictedthat24genesdonotparticipatein any process,552genesparticipatein only one
process,257in two, 119in three,and58 in four or moreprocesses.As a comparison,
we alsotesteda Plaidmodelwith 30 processes,learnedfrom thesamedata.(We ob-
tainedthePlaidsoftwarefrom http://www-stat.stanford.edu/˜owen/plaid/ .) The
Plaidmodelassignedmany moregenesto layersthanour modeldid, with 0 genesin
no processes,1 genein oneprocess,4 genesin two, 10 genesin three,and995genes
in four or moreprocesses.According to Plaid, almostall genesparticipatein four
or moreprocesses,a situationnot supportedby currentbiologicalunderstanding.We
notethattherunningtime of our algorithmwas30 minuteson a 700MHZ Pentium4,
comparedto 1 minutefor runningPlaidon thesamemachine.

To evaluatewhetherourassignmentsarebiologicallyplausible,wecheckedwhether
thegenesassociatedwith eachprocessshowedany enrichmentfor known annotations.
To doso,weusedtheGO[1] andKEGG[2] databaseswhichassigngenesto adiverse
setof functionalcategoriesandbiological pathways,respectively. For eachprocess
andeachannotation,we countedthenumberof genesfrom theprocesswith thatan-
notation,andcomparedthat to the total numberof genesin our datasetwith thatan-
notation. If a processwe learnedindeedcorrespondsto known biological processes,
thenwe expect the learnedprocessto containa high fraction of the geneswith the
correspondingannotation.For eachcombinationof process� andannotation
 , we
canusethehyper-geometricdistribution andassigna statisticalsigni�cance(p-value)
measure,correspondingto theprobabilitythata randomlyselectedgroupof genesof
the samesizehave similar enrichmentfor 
 . We performedthis evaluationfor our
processes,thelayersfoundby thePlaidmodel,andclustersfrom astandardclustering
procedure.

Thewebsupplementto this paper(http://cs.stanford.edu/˜eran/psb03 ) lists
the 30 processes,along with all annotationsthat were signi�cant with a p-valueof

(�� � � or lower in eitherour modelor in Plaid, wherewe removedsomerepetitive
annotationsfrom GO.Overall,wediscoveredhighly signi�cant processesrelatingto a
varietyof cellularfunctions.Theseincludedoxidativephosphorylation,varioustrans-
port processes,proteinfolding, glycolysis,lipid metabolism,aminoacidmetabolism,
carbohydratemetabolism,proteinmembranetargeting,ribosomalbiogenesis,andcell
cyclecontrol.Someof thestrongeractiveprocesseswe identi�ed werealsopresentas
Plaidlayers,but Plaidlayerstypically includedmany extraneousgenes,renderingthe
patternslessclear. For example,neutrallipid metabolismappearsasa processof ( �
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Figure4: (a) Scatterplot of thenegative log p-valueof differentGO andKEGG annotationsfor layersin
Plaidontheonehand(X axis)andprocessesin ourframework ontheother(Y axis).Eachpointcorresponds
to oneannotation.(b) Scatterplot of the negative log p-valueof differentGO andKEGG annotationsfor
clustersfrom Pearsonclusteringon theonehand(X axis)andprocessesin our framework on theother(Y
axis). (c) Correlationbetweenall genesnot includedin theanalysisandthelearnedactivity levels.For each
gene,thebestcorrelation(or anti-correlation)is plottedaswell asthebestcorrelationachievedfor thatgene
afterpermutingits expressionmeasurements.Thegenesaresortedby bestcorrelations.
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� � � . Fig. 4(a)shows a scatterplot com-
paringthep-valuefor theGO andKEGG annotationsthatcameup. We canseethat
in mostcases(122of 135casesfor pvalueof (!� � � or lower), thep-valueachieved
by our approachwasalwaysbetterandoftenmuchbetterthanthatachievedby Plaid.
Weperformedasimilarcomparisonto astandardhierarchicalclusteringalgorithm[6],
wherewe cut thehierarchyat 30clustersto allow for a comparisonto our model.The
resultsareshown in Fig. 4(b),whereagainthemajority of annotationsappearedwith
greatersigni�cancein ourmodel.

If genesassignedto the sameprocessindeedparticipatetogetherin a biological
process,thenthecell musthave someregulatorymechanismby which it cancoordi-
natetheir activity. Onesuchmechanismis a sharedDNA binding site (or multiple
sites)recognizedby a transcriptionfactor(or several). To testwhethergenesthatwe
associatedwith aprocessshareDNA bindingsites,we extractedthepromoterregions
of all genes(500bpupstreamof translationstartsite)andappliedadiscriminativemo-
tif �nder [13], searchingfor motifsof length15. Theresultof thesearchis a standard
positionspeci�c scoringmatrix (PSSM)which can thenbe usedto computewhich
geneshave thebindingsitede�ned by thePSSMandwhich donot. Fromthis we can
deriveastatisticalsigni�cancemeasureassessingtheuniquenessof thebindingsiteto
thesetof genesassociatedwith theprocessrelative to theentiregenesin thedataset.
Theconsensussequenceof thebestPSSMslearnedalongwith thestatisticalsigni�-
canceof thePSSMto theprocessaresummarizedin Fig. 3(c). Overall,we wereable
to �nd uniquebindingsitesin thesetof genesin eachprocess(seewebsupplementfor
full list), oftenwith striking signi�cance,consistentwith signi�cant annotationsiden-
ti�ed for eachprocessusingGO or KEGG. For example,we found a highly unique
DNA bindingsite(p-value

$
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) ), occurringin thepromoterregion of 28 of the



35genesin theoxidativephosphorylationpathway (process23),comparedto 102ap-
pearancesin theremaining976genesin thedataset,suggestingpossibleregulationof
thepathwayby thisbindingsite. Indeed,thecoreelementof thisbindingsiteis ��� � �

�

,
which is theknown target for thetranscriptionfactorregulatorof oxidative phospho-
rylation,HAP4.

In addition to the assignmentsof genesto processes,our approachattemptsto
reconstructthe activity levels of eachprocess� in eacharray � , ascapturedby the
posteriormeanof � 
��

�

. For eachprocess,we canthusconstructa vector � 
 �

�

of the
activity levels of � acrossall arrays � � � . We examinedtheseactivity levels, and
foundthatthey werebiologicallyplausiblefor theirrespectiveprocesses.For instance,
theprocessassociatedwith proteinfolding (process18)hadhighactivity levelsduring
heatshockandexposureto diamide,and low activity levels during aminoacid and
nitrogendepletion,re�ecting accuratelythebiologicalfunctionof theprocess.

Also,genesassociatedwith process� shouldhavehighcorrelationsbetween� 
��

�

andtheir averageexpressionacrossall experiments.Indeed,a largenumberof genes
wereeitherhighly correlated(286geneswith correlation) 
 � or above)or highly anti-
correlated(13 geneswith correlation� ) 
 � or below).

Muchmoreexciting is to measurethecorrelationbetweenthe � 
 �

�

vectorsfor all
processes� andthe

�

( ��� genesthatwerenot includedin ouranalysis.Dueto theway
in which we selectedthe (*) (*) genesfor our analysis,the genesincludedarelikely
to containonly a fraction of the genesassociatedwith eachprocess. If our model
learnedactivity levelsthat indeedcorrespondto activity levelsof realprocesses,then
we expectto seehigh correlationsbetweensomeof theleft out genesandour learned
activity levels. Indeed,thereweremany suchgenes:614of correlationabove )�
 � and
252of correlationbelow � ) 
 � . To testwhetherthisphenomenoncouldhavehappened
by chance,we permutedthe vectorof expressionmeasurementsfor eachgeneand
recomputedthecorrelations.Theresultsaresummarizedin Fig. 4(c), demonstrating
thatit is highly unlikely thatourcomputedcorrelationscouldhaveresultedby chance,
asthemostsigni�cant correlationachieved for any of the

�

( ��� permutedgeneswas
� ) 
 �

$

. Surprisingly, thedistributionsof thecorrelationmeasurementswereidentical
betweenthegenesincludedin theanalysisandthosenot included(datanotshown).

Interestingly, therewereseveralcaseswherethelearnedprocessactivity levelshad
high correlationto theexpressionof known regulators(e.g.,transcriptionfactors)not
includedin the analysis. The web supplementlists all regulatorswith high correla-
tion (or anti-correlation)to any process.Overall, we had � � uniqueregulatorswith
correlationabove ) 
 � , of which (0) hadcorrelationabove ) 
 � , and � uniqueregula-
torswith correlationbelow � ) 
 � , of which 5 hadcorrelationbelow � )�
 � . For (

$

of
the �,) processes,we learnedactivity levels that hadextremelyhigh correlationwith
known regulators. Wheninformationaboutthe regulatorwasavailablein the litera-
ture,we couldverify thattheregulatorthatwashighly correlatedto a process,indeed
wasknown to regulatethegenesassociatedwith thatprocess.For example,CLB2, a
G2/M phasespeci�c cyclin, hadcorrelation ) 
 ��� with process(

$

, which in turn has
signi�cant cell cycle relatedannotations.Evenwheninformationwasnot availableto
verify our proposedregulationrelationships,the regulatorswereknown to berelated
to glucosestarvation, cell wall stress,cell growth, cyclic AMP, ribosomesynthesis,



nitrogenstarvationandmating,all processesknown to beaffectedby theconditionsin
theGasch[8] dataset.

6 Conclusions

In this paper, we have presenteda probabilisticframework for extractingbiological
processesfrom geneexpressiondata. Unlike mostclusteringmethods,our approach
doesnot attemptto associateeachgenewith a singleprocess.Rather, it attemptsto
explaineachgene'sexpressionlevel asa sumof of theactivity levelsof theprocesses
to which is belongs.For eachprocess,we learna setof genesthatareassociatedwith
theprocess,andtheextentto which theprocessis active in eacharray.

Wecomparedourapproachto thePlaidmodelof [11], thatusesarelateddecompo-
sition,andshowedthatourapproachextractsprocessesthataremoreclearlyidenti�ed
with biologicalfunctions.In general,weshowedthatourapproachprovidesacoherent
globalpictureof biologicalprocesses.

An importantadvantageof our approachis that it is part of a generalprobabilis-
tic framework for biological processes,as describedin [14, 13]. Thus, it provides
a mechanismby which we can integrateheterogeneousdatasources,suchasarray
annotations,clinical outcomes,or promoterregion sequences,into a singlecoherent
framework. Thus,for example,following [13], we could try to directly identify pro-
cessesbasednotonly ontheexpressiondata,but alsoontheexistenceof sharedmotifs
in thepromoterregion. We intendto explorethis extensionandothersin futurework.
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