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ABSTRACT

Motiv ation: The transcriptional regulation of a gene depends on the
binding of cis-regulatory elements on its promoter to some trans-
cription factors and the expression levels of the transcription factors.
Most existing approaches to studying transcriptional regulation model
these dependencies separately, i.e., either from promoters to gene
expression or from the expression levels of transcription factors to the
expression levels of genes. Little effort has been devoted to a single
model for integrating both dependencies.

Results: We propose a novel method to model gene expression
using both promoter sequences and the expression levels of putative
regulators. The proposed method, called bi-dimensional regres-
sion tree (BDTree), extends a multivariate regression tree approach
by applying it simultaneously to both genes and conditions of an
expression matrix. The method produces hypotheses about the
condition-speci ¢ binding motifs and regulators for each gene. As a
side-product, the method also partitions the expression matrix into
small submatrices in a way similar to bi-clustering. We propose and
compare several splitting functions for building the tree. When applied
to two microarray data sets of the yeast Saccharomyces cerevi-
siae, BDTree successfully identi es most motifs and regulators that
are known to regulate the biological processes underlying the data
sets. Comparing to an existing algorithm, BDTree provides a higher
prediction accuracy in cross-validations.

Availability: The software is available upon request from the authors.
Contact: jruan@cse.wustl.edu, zhang@cse.wustl.edu
Supplementar y Information: http://cic.cs.wustl.edu/bdtree/

1 INTRODUCTION

The comple function of a living cell is controlled by regulating
the expressionof speci ¢ genesat several levels. One of the most
importantandbestunderstoodegulationmechanismss atthetran-
scriptionallevel, wherethe expressiorof a geneis mediatedby the
binding of transcriptionfactors(TFs)to speci c DNA sequences
the promoterregion of the gene.Two basicassumptionsre often
madewhenstudyingtranscriptionaktegulation: rst, the expression
of a geneis determinedby the binding sitesof speci ¢ TFsonits
promoter;secondthe expressiorof a geneis a functionof the con-
centrationof speci ¢ TFs aroundits promoter Basedon the two
assumptiongwo distinctclasse®f approachebave beenproposed
in studyingtranscriptionakegulation.

The rst classof approachesttemptedto build quantitatve or
qualitatve modelsto associat@eneexpressionevelswith putatve
binding motifs on their promotersequenceg¢Fig. 1 boxes A and

to whomcorrespondencghouldbe addressed

regulators

motifs

NEEEEE

" conditions

Fig. 1. Relationshipdetweenour methodand previous methods.The bot-

tom right matrix representgeneexpressionlevels. The bottomleft matrix

representsnotif occurance®n promotersequencesThe top matrix is the
expressionlevels of regulators. Box A, the expressionlevels of multiple

genesundera single conditionare modeledby the motifs on their promo-
ters(e.g.,Bussemaér etal., 2001).Box B, the expressiorlevels of multiple

genesundermultiple conditionsare modeledby the motifs on their promo-
ters(Phuongetal., 2004).Box C, theexpressiorevelsof asinglegeneunder
multiple conditionsaremodeledby the expressiorievels of putatve regula-

tors (Soinor et al., 2003). Box D, the expressionlevels of multiple genes
undermultiple conditionsaremodeledby the expressionlevels of putative

regulators(Segaletal., 2003).Box E, theexpressiorievelsof multiple genes
undermultiple conditionsaremodeledby the motifs on their promotersand
theexpressiorlevels of putative regulators(Middendorfetal., 2004andour

method).

B). Several approachesf this type have beenproposedvithin the
classi cationandregressionframevork. Bussemaér et al. (2001)
and others(Keleset al., 2002; Conlon et al., 2003) modeledthe
expressionlevels of genesas a linear regressionof putatve bin-
ding motifs, and applied featureselectiontechniqueso nd the
mostsigni cant motifs. Hu et al. (2000) and oursehes (Ruanand
Zhang,2004) useddecisiontreesto nd motif combinationsthat
bestseparatéwo setsof genesBeerandTavazoie(2004)built pro-
babilisticgraphicamodels g.g.,Bayesiametworks,to explaingene
expressiorpatterndrom motifs. Phuongetal. (2004)appliedmul-
tivariateregressiontreesto modelthe transcriptionalregulation of
geneexpressiorover severaltime pointssimultaneously

The secondclassof approachediave beenproposedto model
geneexpressiorievelsfrom theexpressiorevelsof othergenesi.e.,
TFsandotherregulators(Fig. 1 boxesC andD). For example,Soi-
nov etal. (2003)useddecisiortreeto identify possibleregulatorsfor
severalcell-gycle genesndividually. Segaletal. (2003)proposech
more sophisticategroceduresuitablefor whole-genomeanalysis.
The method rst clustersgenesaccordingto their expressionpat-
terns,andthenbuilds a regressiortreefor eachclusterto represent
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their commonregulation program. The procedurethen iteratively
re nestheclustersandthetrees.

Middendorfetal. (2004)recentlyintroduceda methodthatcom-
binesthe previoustwo classe®f approachesTheir methodmodels
geneexpressiorievelsfrom both putative bindingmotifs on promo-
tersequenceandtheexpressiorlevelsof putative regulators(Fig. 1
box E). Herewe proposea methodthatalsofalls into this cateyory.
Althoughour methodhasthe sameschematicepresentatioastheir
method theunderlingmodelingrationalesarevery different,which
wewill comparen detailin Section4.

Ourmethod calledbi-dimensionategressiortreeor BDTreefor
short,is anextensionto the multivariateregressiortreeapproactof
Seyal (1992)and Phuonget al. (2004).Breimanet al. (1984) rst
introducedheunivariateregressiortreeapproacho recursvely par
tition instancesnto groups wheretheinstancesn eachgrouphave
similar attribute valuesand responsesSegal (1992) extendedthe
methodto handlemultiple responsesso that the instancesn each
group have a similar patternof responsescrossmultiple conditi-
ons.The basicideaof our method,assuggestedby its name,is to
extendthe multivariateregressiortreeapproactto bothdimensions
of the expressiommatrix (seeFig. 1). On onedimensiongachgene
is treatedasaninstancewheretheattributesarethe binding motifs
onits promotersequenceandtheresponseareits expressiorievels
acrosgheconditions.Genesrepartitionedsothatthosein thesame
subsehave commonbinding motifs andsimilar expressiorpatterns
acrossthe conditions. On the other dimension,eachcondition is
treatedasaninstancewherethe attributesarethe expressiorlevels
of candidateregulatorsunderthe condition, andthe responsesire
the expressionlevels of genesunderthat condition. Conditionsare
partitionedsothatthe expressiorievels of ageneundereachsubset
of conditionsaresimilar.

The way of partitioninggenesandconditionsin BDTreeis ana-
logousto bhi-clustering(Chengand Church,2000). However, the
partitioningin BDTreeis supervisedy someintrinsic attributesof
the genesand conditions,i.e., the binding motifs on genepromo-
ters and the expressionlevels of regulatorsunderthe conditions.
In contrast,in bi-clustering, the partitioning is unconstrainey
thoseattributes. As a result,the modellearnedby BDTreeis both
exploratoryandpredictive. It suggestsa setof testablehypotheses
of condition-speci cbinding motifs andregulatorsfor the genesn
eachcluster andcanalsobe usedto predictthe expressiorevels of
unseergenesunderunseerconditions,given appropriateattributes
of thegenesandconditions.

Therestof thepaperis organizedasfollows. Thenext sectionrst
introducesthe univariateregressiortree andits multivariateexten-
sion, andthendescribeghe bi-dimensionamultivariateregression
tree approach.Section3 presentssomeexperimentalresultsfrom
applying the methodto the yeastcell-cycle and stressresponse
data.In thelastsectionwe discusghedifferencesandrelationships
betweerBDTreeandseveralrelatedmethods.

2 ALGORITHM
2.1 Univariate regressiontr ees

Here we give a brief overview of the univariate regressiontree
methodandreferthereadeito Breimanetal. (1984)for details.Sup-
posethatthereare attributes , , andaresponse .
Thevaluesof theattributesandresponseareobseredfor  instan-
ces: , where , for . Here

the responsesre real values. We restrict all attributesto be real
valuesfor corvenienceof the discussionalthoughthe methodcan
handlecatayorical or mixedvalues.In the context of transcriptional
regulation, eachgeneis an instance the attributesare motifs, and
the responsés the geneexpressionlevel undera single condition
(Fig. 1, box A).

In the classic CART (Classi cation Analysis and Regression
Tree)programof Breimanet al. (1984),a greedysearchalgorithm
is usedto constructa binaryregressiortree. The basicalgorithmis
asfollows.

1. Initially thereis only therootnodecontainingall instances.

2. If thecurrentnodehasnot metthe stoppingcriterion, examine
every possiblebinary split of the instanceswithin the node
basedon eachattribute , suchthat the attri-
bute valuesfor all the instancesn onesubsetaresmallerthan
thosein theothersubset.

3. Choosethe bestsplit to maximizean objective function, and
createtwo child nodesfor the currentnode.

4. Repeastep2 and3 for eachchild node.

To build aregressiortree,threerulesneedto bespeci ed: asplit-
ting rule thatde nes the bestsplit, a stoppingrule that determines
whenthe splitting shouldterminate,and a third rule to prunecer
tain branche®of thetreeafterthetreeis built. Herewe only discuss
the splitting rule, while the othertwo will be discussedafter we
introducethe BDTreemethod.

The goal of a split is to producechild nodesashomogeneouas
possiblewith respecto theresponsesA frequentlyusedcriterionis
the least-squareule which aimsat minimizing the sum-of-squares
of responsewvithin eachnode.Let denotea nodeof thetreeand

denotethe numberof instancesn . Thatis, containsasubset
of theindices . Thewithin-nodesum-of-squaress given
by
)

where —. The gain of a split that partitions into two

childnodes and isgivenby

)

The bestsplit is determinedby an attribute  and a threshold
suchthat is maximizedandthatthevalueof  for
every instancein  is lessthan while thatfor every instancein
is nolessthan . To nd the bestsplit, all possiblethresholds
for eachattribute aretested,and the split with the highestgainis
chosen.

2.2 Multi variate regressiontr ees

It is not uncommonto encounteldomainswherethe responsesare
obsered under multiple conditions, that is, the responseof an
instances alsoa vector: , where isthenum-
berof conditionsand  istheresponsefthe thinstancainderthe
th condition. For example,in DNA microarrays,geneexpression
levelsaretypically recordedor severaltime pointsor experimental
conditions.
A nabive solution for this situationis to build a regressiontree
for eachcondition separatelyHowever, it is dif cult to combine
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multiple trees. Segal (1992) introduceda multivariate regression
tree methodto constructa singletreeto modelmultiple responses
simultaneouslyHe generalizedhe within-nodesum-of-squarem
Equation(1) asfollows:

@)

where is the vectorof responsegor the th instance, is the
model covariancematrix of , and is the averageof  within
node . With de ned, the gain function remainsthe same

as Equation(2) and the recursve algorithm proceedso split the
instancessin thecasewith asingleresponse.

Phuonget al. (2004) applied the multivariate regressiontree
methodto gene expressiondata by treating genesas instances,
wherethe numbersof occurrence®f motifs in promotersare the
attributevalues,andthe expressiorlevelsat differentconditionsare
themultivariateresponsefFig. 1, boxB). As notedby Segal (1992)
andPhuongetal. (2004),the multivariateregressiortreemethodis
intermedianbetweerclassi cationandclustering Theresponsesf
differentinstancesanbewritten asa matrix , Where is
theindex of aninstanceand is theindex of a condition.The multi-
variateregressiortreepartitionsthe matrixinto sub-matriceswhere
eachsub-matrixcontainsall thecolumnsg(conditions)out only some
rows (genes)of the original matrix. Therefore clusteringis achie-
ved directly wheninstanceswith similar patternof responsesre
groupedogether

2.3 Bi-dimensional multi variate regressiontr ees

Now considera multivariateresponsesituationwhereeachcondi-
tion canalsobe describedy a setof attributes, , just
astheinstancesanbe describedoy attributes . In this
case,the responsematrix can be transposedand the
regressionproblemcan be de ned for the conditions. Eachcon-
dition is now treatedas an instance.The obserationsfor the th

conditioncanbe written as , where

and , with  beingthe numberof conditions
and thenumberof attributesof a condition.A regressiortreecan
thenbe learnedto modelthe conditiondata.For clarity, we call the
conditionscolumninstancesandthe instancesow instancessince
they correspondo the columnsand rows of the responsematrix,

respectirely. Accordingly we call row attributes and

columnattributes

In the caseof geneexpressioranalysisthe columnattributesthat
canbe usedto describeesachconditionarethe expressiorlevels of
a setof candidateregulatorsunderthat condition (Fig. 1, boxesC
andD). Therefore aregressiortreebuilt from thecolumninstances
explains the expressionlevels of genesunderdifferent conditions
with the expressionlevels of selectedregulators. The motivating
assumptionis that the expressionlevel of a genedependson the
expressionevelsof its regulators.

The goal of our methodis to model the responsesusing both
row attributesand columnattributes,i.e.,to nd therow attributes
andcolumnattributesthat canexplain the responsedn theregres-
siontreeframework, this correspondso recursvely partitioningthe
responsematrix horizontally accordingto row attributesand ver
tically accordingto column attributes. The objective is to make
the sub-matricesn child nodesas homogeneouss possiblewith
respecto responses.

Formally, the input to the algorithmincludesa responsamatrix
, the associatedow attribute matrix , and
column attribute matrix , where
is the setof attributesfor the th row, , and
is the set of attributesfor the th column,

. For example, the three matricesin Fig. 1 representing
motif scoresgeneexpressiorlevelsandregulatorexpressionievels
correspondo , and , respectiely. Eachsplit divides the
responsenatrix  vertically or horizontally As aresult,eachnode
of theregressiortreecontainsa submatrixof ~ andthe associated
row andcolumnattributes.

To facilitatesubsequerdiscussionsye de ne somesymbolsand
notations.Let denotea nodeof a tree, where containsa
subsebf therow indices ,and containsasubsebf the
columnindices . Whenthereis no confusion,we abbre-
viate as or .Let and denotethe numberof rows
andthenumberof columnsof theresponsenatrixin node , respec-
tively. Let denotethe responsematrixin . Let denotethe
vectorof averageresponseacrossll columnsin and  thevec-
tor of averageresponsescrossall rows in . Furthermoreet
denotethe th elementof and the thelementof . Let

denotethe averageresponsef all rows and columnsin . The
superscript is droppedwhenthereis no confusion.

A critical issuein our algorithmis to designa measureo re ect
the homogeneityof the responsematrix on both dimensions.For
a node , a good candidateis the sum of squaredresidues
introducedby ChengandChurch(2000)for bi-clustering:

4)

wherethe superscript onvariableshasbeendropped Equation(4)
canalsoberewritten as:

(5)

where isthesamplevarianceof
is the samplevarianceof the vector

,and is thesamplevarianceof the
vector . It canbeseenthat is minimal if the variance

of the matrix can be explained by the varianceof the row avera-
gesandthevarianceof the columnaveragesThe expectedvalueof
isafunctionof and

(6)

where is the populationvarianceof the responsesA proof
of Equation(6) by the central limit theoremis provided on the
Supplementaryebsitehttp://cic.cs.wustl.edu/bdtree/.

With de ned, the gain of a split canbe calculatecthe
sameasin Equation(2). Note thatwhena row split is taken, the
averageresponsescrosscolumnsare not affected,andvice versa
for columnsplits. Therefore whenthe responsenatrix is split hori-

zontally with and  rows in eachchild node,respectrely, the
gaincanbecomputedoy:

(7
where , is the vector of averageresponses

acrossall rows in child node . Similarly, whentheresponse
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matrixis split vertically, with  and columnsin eachchild node,
respectiely, thegaincanbecomputeday:

®)

with similarly de ned.

Given Equationg(7) and(8) for calculatinggains,the algorithm
testsall possiblesplitson rows andcolumns,andselectheonewith
the highestgain. Therefore,the algorithm automaticallydetermi-
neswhetherthe split shouldbe doneon rows or columns However,
when the shapeof the initial responsematrix is skewed, the
gain function prefersthe split on the longerside. For example, if

(which is normally the casein geneexpressiondata),the
gainfunction prefersto split on columnsto produceeven narraver
submatricesThis is becausehe expectedgain for a split on one
dimensionis proportionalto the lengthof the otherdimension(see
the Supplementaryvebsitefor a proof):

9)

To scaledown this systematicbias, we de ne and calculatethe
following adjustedgainsinstead:

(10)
A problemwith thehomogeneityneasurdoy is thatthepro-
ducedclustersareoftennottight. For example the measuref

a matrix is zeroif all rows (or columns)differ only by somecon-
stantvalues,i.e., , forall , , where and
arethe th and th rows of , respectiely, and

Considera matrix , whereeachrow is a geneand

the valuesare the log ratios of expressionlevels under different
conditions. The cluster doesnot seemto provide ary biological
signi cance, despitea perfectscore.To dealwith this problem,we
de ne differentsum-of-squarefor rows andcolumns:

11)
Thegainfor arow or columnsplitis de ned correspondingly:

12)

or is equivalentto the sum of for eachcolumn
or row, respectiely, accordingto Equation(1). This measurement
requiresa good clusterto be coherenton at leastone dimension
of the matrix. Furthermorethe differentgain functionsde ned for
row andcolumnsplits enforcethata goodrow split mustimprove
the homogeneityalongthe columns,anda goodcolumnsplit must
improve the homogeneityalongthe rows. This enforcements con-
sistentwith biologicalintuitions. For example whena motif is used
to separatewo setsof genes,the geneswithin eachset should
have similar expressiorievels underthe sameconditions while the
expressionievelsunderdifferentconditionsmay bedifferent.

Interestingly the expectedvaluesof ~ arethesameasin Equa-
tion (9). Thereforeasystematidbiasbetween and  still exists,
andtheadjustedgaincanbede ned similarly asin Equation(10).

Given the gain functions,the algorithmproceedgshe sameasin
the caseof a single responselescribedn Section2.1, exceptthe
secondstep:

If the currentnodehasnot metthe stoppingcriterion,examine
every possiblebinary split of the row instanceor the column
instancewithin the node,basedn eachrow attribute

, or columnattribute , respectiely,
suchthatthe attribute valuesfor all theinstancesn onesubset
aresmallerthanthosein the othersubset.

Whenanalyzinggeneexpressiondata,the columnattributesare
regulators,which may alsoappeatrin the list of genesin the rows.
Thealgorithmdoesnotallow aregulatorto bethesplitting attribute
of anodethatcontaingheregulatoritself, sinceagenes expression
level canalwaysbe usedto predictits own expression.

To preventthe treefrom over- tting the data,several parameters
are implementedto control the tree size, including the minimum
gain requiredto split a node, the minimum numbersof rows and
columnswithin aleafnode,andthemaximumnumberof leafnodes.
In addition,apost-pruningorocedurecanbe performedwith asepa-
ratetestset,whereaninternalnodeis corvertedto a leaf nodeif by
doingsothepredictionaccurag onthetestdatadoesnotdecrease.

To predicta responsethe correspondingow and column attri-
butesare comparedo the thresholdvaluesat eachtreenodeanda
branchis taken accordingto the result of the comparisonat each
step.Startingfrom theroot node thealgorithmwill alwaysendata
terminalnode . Theaveragevalueof theelementsn is usedas
thepredictedvalue.

2.4 Cross-alidation and functional analysis

The prediction accurag of BDTree is estimated by cross-
validations.The procedureof cross-alidationin BDTreeis slightly

differentfrom thatin a one-dimensionamethod.Given a training
dataset,we denotethe setof row instancestss andcolumninstan-
cesas . To performaten-fold cross-alidation, and areboth

randomlydivided into 10 subsetsof roughly equalsize, denoted
by and , respectrely. Every time a subma-
trix containingnine subsetsof the rows and nine subsetsof the
columns, , is usedfor training, while threesubma-
trices, , , and are usedfor testing,
for . Themeansquarecerrorsor the correlationcoef-
cient betweenthe predictedandactualvaluesare calculatedasa
measureof accurag. In addition, accuraciexan be calculatedfor

the threetestingsubmatriceseparatelycorrespondingo the pre-
dictionaccuray for unseerrows, unseercolumns andunseerrows

plusunseercolumns.

In the caseof analyzinggeneexpressiondata,eachleaf nodeof
thetreecontainsa subsebf thegenesandasubsebf theconditions.
To determinghe functionalrelevanceof the splits, we calculatethe
enrichmenbf geneontology(GO)terms(Harrisetal., 2004)within
eachleafnode Whenpossiblewe alsogroupthe experimentakon-
ditions into cateyories, and calculatethe enrichmentof particular
catgorieswithin eachleaf node.The signi canceof enrichments
measuredy anaccumulatre hypergeometricest,andthe -values
are adjustedby Bonferronicorrectionsfor multiple tests(Altman,
1991).
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When a treeis built, it automaticallyselectsa setof attributes
from the row attributesand columnattributesto explain the pattern
of responsedntuitively, the gain of splitting a nodewith a certain
attributecanbe usedasa measuref theimportanceof the attribute.
However, thetreeonly selectghe attribute with the highestgain at
eachstep,while ignoring all the others.Phuonget al. (2004) pro-
vides a bettermethodto measurehe importanceof all attributes,
basedn surrogatesplits. We adoptthe samedea,but rankrow and
columnattributesseparately

3 RESULTS
3.1 Datasets

To demonstratéhe strengthof our methodin identifying realmotifs
andregulators,we testedt ontwo microarraysetsfor S. cerevisiae.
Thecell-cycle datasetconsistof theexpressiorievelsof 800genes
measuredinder77 differenttime pointsin cell cyclesfrom several
experiments(Spellmanet al., 1998). The stressresponselataset
includesgeneexpressiondatacollectedunder173 different stress
conditions.As in Middendorfetal. (2004),we selectedl411genes
fromthestresslataset,whichincludes469highly variantgenesand
1250geneghatarepartof the 17 clustersdenti ed by Gaschetal.
(2000).We downloadedthe backgroundhormalizedog ratiosof all
genedrom SGD (Dwight etal., 2004).

We usedthe setof 466 candidateregulatorscompliedby Segal
etal. (2003)ascolumnattributes.ThesancludebothTFsandsigna-
ling moleculeghatmay have transcriptionaimpact. We combined
threetypesof row attributes:a setof 356 motifs from Pilpel et al.
(2001), binding dataof 204 TFs measuredundervariouserviron-
mentalconditions(Harbisonetal., 2004),and615over-represented

-mers( ) discoveredby a steganalysis-baserhotif n-
ding algorithmcalled WordSyy developedin our lab (Wanget al.,
2005). The setof motifs from Pilpel et al. includesknowvn motifs
andputative motifs identi ed computationallyfrom commonfunc-
tional categories.We usedRSA tools (vanHelden,2003)to retrieve
up to 500bp of intergenic sequencesipstreamof eachgenestart
codonasits promotey and searchecdoth strandsfor the appea-
ranceof motifs and -mers. The programScanACE (Roth et al.,
1998) was usedto scaneachpromoter and the highestscorefor
eachmotif wasrecordedasits attribute value. For each -mer; its
numberof occurrencedn a promotersequencés usedasits score.
All dataincluding geneexpressionand attributesare available on
the Supplementaryvebsite.

3.2 Simulation study of gain functions

We have shavn in Section2.3thatfor bothSS2andSS3 thetheore-
tically expectedgainresultedrom arandomsplitis correlatedwith

the sizeof the dimensionthatis unsplit. Here,we usesimulationto

shaw thatthisis alsotruein practice.

We rst consideredthe casewhere geneexpressionlevels are
identically and independentlydistributed (i.i.d.). We randomly
shufed the yeast cell-cycle gene expressionmatrix, which is
thensplit into two sub-matricesy randomlydividing its rows or
columnsinto two sets. The relative sizesof the two sub-matrices
vary from 1:9to 5:5. Fig. 2(a) shavs the averagegainsof 1000ran-
dom splits on rows or columns,calculatedusing SS2. As shawn,
theaveragegainsagreewith thetheoreticaresultsalmostperfectly
regardlesshe relative sizesof the two sub-matricesThe gainsof
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Fig. 2. Simulatedgains.(a) Unadjustedjainson ani.i.d. matrix; (b) Adju-
stedgainson a real matrix. P is the relative sizesof the two sub-matrices
aftersplitting.

columnsplitsaremuchlargerthanthoseof row splits, which justi-
es theadjustmenbf gainsby Equation(10). Next, werepeatedhe
experimenton therealyeastcell-cycle expressiommatrix, to which
thei.i.d. assumptiordoesnot hold. The averagegainsare closeto
the theoreticalvalues,althoughthe agreements not aswell asin
thei.i.d. case.As shawvn in Fig. 2(b), the adjustedgainsresulted
from row splits or column splits have similar meansand standard
deviations.TheresultsusingSS3or the stresgesponse&latasetare
similar.

3.3 Model accuracy

To evaluate the performanceof our method, we applied it to
the yeast stressresponsedataset,and conductedten-fold cross-
validations.We calculatedthe correlationcoefcients betweenthe
predictedandactualvaluesasameasuref accurag.

In the rst setof experimentswe analyzedhe effect of the choi-
cesof parametersiVe have shavn by simulationthattheadjustment
of gainsis necessaryo eliminatethe systematiciasbetweernrow
andcolumnsplits. In fact, the modelbuilt with adjustedgainshas
a highercross-alidation accurag thanthatwith unadjustecgains
(0.54vs.0.43).We alsofoundthatthetreebasedn hasbetter
accurag thanthat basedon (0.54vs. 0.45). In addition, the
predictionaccurayg for unseergenes(0.56)is slightly higherthan
for unseerconditions(0.52)or unseergeneplusunseerconditions
(0.52).

Next, We comparedthe accurag of BDTree to the -nearest
neighbor(KNN) method. With the KNN method, the expression
level of a geneat a certainconditionwas predictedby the average
expressionlevel of the nearesgenesunderthe nearestonditi-
ons (best in our experiment),wherethe distancebetween
genesor conditionswasde ned by the Euclideandistanceof their
normalizedattribute vectors.We choseKNN as a baselevel clas-
si er becauset is relatively easyto implementa bi-dimensional
counterpartof our algorithm. The cross-alidation accurag of
BDTree(0.54)is muchhigherthanthatof the KNN method(0.37).
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Table 1. confusionmatrix

Predictecby BDTree Predictedby Geneclass
Down Baseline Up | Down Baseline Up
Down 15.2% 71% 2.9% | 16.5% 8.9% 1.5%
TRUE Baseline| 7.0% 345% 9.2%( 93% 324% 6.3%
Up 2.4% 8.4% 13.2%| 2.8% 9.9% 12.0%

Second,we consideredhe casewhere BDTreeis grown using
row attributesonly. This is equivalent to the methodof Phuong
etal. (2004)in spirit. Sincethe expressionmatrix is only partitio-
nedhorizontally the methodis unableto predictexpressionlevels
underunseerconditions.Thereforewe conductectross-alidations
only on unseergenes.The correlationcoefcient obtainedby this
methods similarto ourfull modelwherebothrow andcolumnattri-
butesareused(0.57vs. 0.56),which meanghatour methoddid not
loseary informationin row attributeseventhoughcolumnattributes
areusedtogether

Finally, we comparedur methodto the Geneclassnethod(Mid-
dendorfet al., 2004), which is similar to oursin thatit canalso
predict gene expressionlevels using both regulatorsand binding
motifs. One problemwhencomparingto their results,however, is
that their methodis only applicableto pre-discretizedxpression
levels, while our methodcanbe appliedto real expressionvalues.
Therefore we discretizedthe expressiondatainto threelevels (up,
down andbaseline)asin their method,and obtaineda confusion
matrix for our predictionsasshavn in Tablel. It turnedoutthatthe
two methodshave similar predictionaccuracieg63% for oursvs.
61%for theirs)usingdiscretizationOntheotherhand theirmethod
hasuseda techniquecalled boosting,which greatlyimproves pre-
diction accuray, but reducesinterpretability of models. Besides
not requiringdiscretizationour methodalsohasseveral additional
adwantageghatwill bediscussedn Section4.

3.4 Biological interpretation and functional analysis

Fig. 3 shavs the regressiontree learnedfrom the yeast stress
response&lataandthegeneexpressiormatrix reoiganizedaccording
to the tree. The interpretationof the treeis straightforvard. Each
oval representarow attribute(pre xedby "h.”) for horizontalsplit-
ting, or columnattribute (pre xedby "v.") for verticalsplitting. The
edgelabelsrepresenthe thresholdsusedfor splitting. Eachgray
boxis aleafnode ,wherethe rst labelis thelD of thenode,andthe
secondabelis the averagegeneexpressiorfor the sub-matrixcor-
respondingo thenode.Notethattwo subtreesrecollapsedo save
spacgshavn asN373andN785). Eachpathfrom the root nodeto
a leaf nodeforms a rule, which represents biological hypothesis
aboutthe logic relationshipsamongthe expressionlevels of target
genespresencef bindingmotifs, andtheexpressiorievelsof puta-
tive regulators . For example,nodeN1267shavs thatthe expression
of geneswith bothmRRPEandPAC motifs arehighly repressedf
theexpressiorof Tpkl andKin82 arebothinduced.

In orderto betterinterpretand understandheserules, we cal-
culatedthe enrichmentof GO functional cateyoriesfor the genes
within eachleaf node.We alsogroupedthe 173 experimentalcon-
ditionsinto 19 categyories,andidenti ed the signi cantly enriched
catgyoriesfor eachleafnode.Togetherthis describeshefunctional

rolesof a setof genestheir regulatorsand motifs, andthe condi-
tions underwhich they are actvatedor deactvated. The complete
resultsof the analysiscan be viewed interactvely on the Supple-
mentarywebsiteby clicking on the treenodes.Overall, amongthe
50leafnodes45have enrichedconditionsand42 have enrichedGO
catgorieswith corrected -values 0.05(seeSection2.4).

On thetop levels, the matrix is horizontally partitionedinto ve
blocks by row attributes (binding motifs or binding factors).The
rst block, correspondingo leaf nodesfrom N1084 to N1267,
contains245 geneswhosepromotersall have mRRPEmotifs. It
is known that mRRPEis importantin regulating rRNA transcrip-
tion and processinga processhatis repressedindermary stress
conditions(Pilpel et al., 2001; Gaschet al., 2000). Indeed, GO
analysisshaved that 74 of thesegenegarticipatein rRNA proces-
sing(  8e-65).Furthermore 94 geneshaving bhoth mRRPEand
PAC motifs (nodesN1252andN1267)aremoredrasticallyrepres-
sedthanthe geneshaving mRRPEonly, which agreeswith thefact
thatthe two motifs work cooperatiely (Sudarsananet al., 2002).
Comparingthe GO annotatiorof the geneshaving both motifs and
thegeneshaving mRRPEonly, theformeraremuchmoreenriched
in nucleolus(63/94 vs. 32/151, 8e-13), and ribosomebioge-
nesisand assembly(60/94 vs. 36/151, 5e-10). On the other
hand,the geneshaving only mRRPEmotifs are more enrichedin
cytoplasm(95/151vs. 22/94, 1e-9), and protein biosynthesis
(38/151vs. 6/94, 9e-5). This suggestshatthe genesregulated
by both mMRRPEand PAC have regulatoryrolesin ribosomebio-
synthesiswhile the genesregulatedby mRRPEaloneareinvolved
in protein synthesis.Interestingly the geneshaving two or more
copiesof tttctt aredown-regulated(N1219),while thegeneshaving
two or morecopiesof ttttct areup-regulated(N1214).Unlike other
leavesin this block, N1219is enrichedin polysaccharidenetabo-
lism/glycanmetabolism(  0.003). This suggestghat, although
tttctt andttttct aresimilar to eachother they maybe binding motifs
of differentTFs(Cliften etal., 2003).

The otherfour blocksalsoprovide somebiologicalinsights.The
seconddlock containsl05genegegulatedby Fhil (leafnodesrom
N1026 to N1064). Among them, 97 are structuralconstituentof
ribosomeg(  3e-144)Thisis consistentvith therecentresultsthat
Fhi1 (togetherwith Ithl) playsa centralrole in ribosomeprotein
generegulation (Wadeet al., 2004). The third block containsleaf
nodesfrom N579to N1015. The main binding motif in this block,
aggggy, is the consensusequencef the stressresponseslement
(STRE),which inducesa large numberof stress-respong genes
(Gaschetal., 2000). The mostenrichedGO cateyory is generation
of precursometabolitesandenepgy (60/401, 3e-26).Thegenes
having three or more copiesof STRE motifs (node N986) shav
higherinductvity thanthosehaving lesscopies,and are enriched
in enegy resene metabolism(  1e-9),or speci cally, trehalose
metabolismwhich is animportantdeterminanbf stressresistance
in yeast(Winderickxetal., 1996).This suggestshatthe TF bound
to STRE may have a preferencefor repetitve motifs. The fourth
block (N526, N539 and N550) has76 genesthat are regulatedby
ctcactg,which is the consensusequencef PAC. Like the genes
in N1267,this setof genesarealsoenrichedin ribosomebiogene-
sis and assembly( le-10), althoughthe degree of enrichment
lower thanin N1267 (20/76vs. 60/94, le-6). Lastly, the fth
block is enrichedwith genesfor Nitrogen compoundmetabolism
( 7e-21). Note that to the right of this block, the genesare
separatednto mary small subsetsgeachof which is regulatedby
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Fig. 3. Model built by BDTreefor the yeaststress-respong genesandthe partition of the expressionmatrix. Nodelabelspre xed by “h.” (“v.”) arerow
(column) attributes. Row attributeswhosenamesstartwith a uppercaseletter followed by lowercaselettersare from binding data. Row attributeswith
all lower-caseletersnamesare -mersfrom wordspy. The remainingrow attributesare from the motif setof Pilpel et al.. The bottom-leftand uppetright
submatricegorrespondo leaf nodesN6 and1267,respectiely. This gure canbeviewedwith a higherresolutionon the Supplementaryebsite.

adifferentmotif. GO analysisrevealedthateachsubsebf geness
responsibldfor the metabolismof different substratesFor exam-
ple, there are nodesenrichedwith asparaginecatabolism(N392
on the Supplementarywebsite, 3e-8), aldehydemetabolism
(N375, 0.015),methioninemetabolism(N442, 0.002)and
glucosidaseactiity (N521,  0.001).

On the other hand, although we found that most regulators
selectedby the tree have beenreportedas importantin regula-
ting stress-respong genes(e.g., Usvl, Pptl, Tpkl, Kin82), the
exactbiologicalrole of putative regulatorsis hardto determineOne
reasoris that TFsareoften post-transcriptionainodi ed or translo-
catedbeforeit canbind to a promoter Thereforethe mRNA levels
of a TF may notindicateits actiity. In somecasessincewe have
includedsignalingmoleculesas candidateregulators,our method
may selecta kinasethat activatesthe TF insteadof the TF itself.
In general,whenthe transcriptionof a generequiresa cascadeof
activation/deactiation,our methodmay selectaregulatorupstream
to theactualtranscriptionalegulation.Neverthelesswe foundlite-
raturesupportfor someof the rules. For example, the tree shavs
that the expressionof Tpk1, a sulunit of cAMP-dependenpro-
tein kinase(PKA), is negatively associatedvith the expressionof
mRRPEtamgets.It hasbeenreportedthat cAMP signalingpathway
regulatesthe dowvn-regulation of ribosomebiogenesigSchavalder
etal., 2004).Furthermoreit is known thatthe RAS/cAMP pathvay
negatively regulatescellularphysiologycharacteristiof stationary-
phase(Schavalderet al., 2004). This agreeswith our resultsthat
nodeN1267is enrichedwith GO annotationribosomebiogenesis
and assembly and the most signi cant conditionsare “stationary
phase”. Anothercomputationaktudyby Segal et al. (2003)sugge-
stedarole for Tpkl andSgd1lin the regulatoryprogramfor rRNA
processin@ndribosomebiogenesiswhichis similar to our results.
Msn2,the TF thatbindsto STRE,needdo betranslocatedrom the
cytoplasmto nucleusunderstressconditions,andit hasheenrepor
tedthatPKA is involvedin the translocation(Jacquegtal., 2003),

whichis consistentvith our analysis(nodeN634). Our resultssug-
gestthatUsv1,whichhasbeenidenti ed asatopregulatorfor mary
stresgespons€Segal et al., 2003),may play arole in this process
aswell.

We alsocalculatedheimportancaneasuref eachattributeusing
surrogatesplits(seeSection2.4). Table2 shavs thetop 20 row attri-
butesandtop 20 columnattributesrespectiely. Thecompletdist is
availableon the Supplementaryebsite.

Among the top 20 row attributes, PAC (aswell as gctcatcand
ctcatcg), mRRPE, and Fhil are known to be relatedto stress
responsas discussedibore. agggg,ccctt, ggggcand aggggcare
variantsof the extendedSTREmotif (a/caggggc/ggodr its reverse
complement{Harbisonetal., 2004).tccctandtcccttarethe binding
motifs of Gis1, a transcriptionalfactorinvolved in the expression
of genesduring nutrientlimitation (Oshiroet al., 2003).Rapland
Snflareknown to controltheexpressiorof ribosomalproteingenes
during variousstressresponse¢Gaschet al., 2000; Dwight et al.,
2004).Both Gat3and Yap5have functionsin stressresponseand
co-bindwith Msn4 (Banerjeeand Zhang,2003). The binding data
of Fhl1 and Rap1measuredinderdifferentconditionsareall top-
ranked row-attributes, which meansthat their binding is probably
condition invariant. On the other hand, STRE-like motifs rather
than Msn2 are ranked as top row attributes, which suggestshat
the binding speci city of Msn2 variessigni cantly underdifferent
conditions.

Mary of the top 20 column attributes, such as Usv1l, Tpk1,
Xbpl, Gis1,Kin82, Gacl,Riml11,Gpa2,Yjl103c, and Tos8, have
evidenceto be involved in regulating various stressresponsesn
SGD databas&Dwight et al., 2004) or other computationalana-
lyses (Middendorfet al., 2004; Seggal et al., 2003). Interestingly
we nd thatonly a few of the identi ed top regulatorsare TFs
(XBP1, GIS1, TOS8,NRG1, GAT2), while the majority are pro-
tein kinasesor hydrolasesThis suggestshatthe actiities of mary
stress-respong TFsareregulatedpost-transcriptionally
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Table 2. Toprow andcolumnattributesidenti ed by BDTree

ton  row PAC, mRRPE, Fhllrapa, Fhilypd, agggg, FhilsM,
at?ritutes Fhl1.h202hi, ccctt, Raplsm, gctcatc, Raplypd, Gat3ypd,
Rap1,g9ggc,Sfplsm,ctcatcg,aggggcicect, Yapsypd, teectt
::(z)rljumn Usv1, Tpkl, Xbpl, Kns1, Sip2, King2, Yjl103c, Mtl1, Ppz2,
attributes Yakl,Gis1,PdelRim11,Gpa2,Tpk2, Tos8,Nrgl, Gat2

Row attributesstartingwith uppercaseletter followed by lower-caselettersarefrom bin-
ding dataof Harbisonet al.. Row attributeswith all uppercaselettersarefrom the motif
setof Pilpel etal.. rapa:nutrientdeprived. sm: aminoacid stanation.ypd: normalgrowth
condition.

We also learneda model of the yeastcell-cycle data. The tree
anddetailedanalysisis on the Supplementaryebsite.Our method
identi ed almostall known TFsregulatingtheyeastcell-cycle genes
andtheir bindingmotifs (seeSupplementaryvebsite).

4 DISCUSSION

In this research,we have developed a novel method, the bi-
dimensionakegressiontree (BDTree),for modelingtranscriptional
regulationfrom large-scaleggeneexpressiordata.BDTreeis asigni-
cant extensionof previous works. First, the tree-basedpproach
doesnotassumeinearadditivity of regulatoryelementsr ary dis-
tribution of the underling dataset. Second,by consideringgene
expressionunder multiple conditionssimultaneously the method
cantoleratemorenoisesthanusingindividual arrays.More import-
antly, by takinginto accountboththe expressiorof putative regula-
torsandthe occurrencedf putative binding motifs, BDTreeis able
to identify condition-speci cregulatoryelementsandregulatorsfor
eachgene.We have successfullyappliedBDTreeto the yeastcell-
cycle and stressresponsedata, and identi ed mary biologically
signi cant bindingmotifs andregulators.

Two existing methodsare similar to our approachin that they
alsoattemptto modelthe large-scalegeneexpressiondataundera
large numberof conditions.The modulenetworks approachSegal
et al., 2003) clustersgenesaccordingto their expressionpatterns,
and builds a regressiontree for eachcluster However, in their
method,binding motifs are not consideredvhenclusteringgenes.
As aresult,geneshaving similar expressionpatternsare assigned
the samesetof regulators regardlesof the differenceof their pro-
moters. Furthermore,the clusteringof genesin their methodis
basedntheexpressiorievelsacrossll conditions.Thereforetheir
methodis unlikely to identify condition-speci cregulation.

TheGeneclasmethod(Middendorfetal., 2004)is themostsimi-
lar to ours.Indeed ,GeneclassandBDTreehave the sameschematic
representatiofFig. 1 box E), i.e., modelinggeneexpressionevels
from putative binding motifs and TF expressionievels. In addition,
both methodshuild tree-basednodels(decisiontreesin Geneclass
and regressiontreesin BDTree). Despite thesesimilarities, the
underlingmodelingrationalesarevery different.BDTreeis anovel
extensionto a multivariate regressiontree approachwhile Gene-
classtransformsthe modeling probleminto a traditional decision
tree learningproblem. This differenceleadsto several signi cant
consequences.

First,in Geneclassgeneexpressionevels have to be discretized
into threecateyories: up, down, andintermediate but only the up

anddown cateyoriesare usedfor training. Thesechoicesare arbi-
trary andmay causea signi cant amountof informationto be lost.
BDTree, on the other hand, acceptsreal-valued dataand usesall
datapoints. Second becauseéseneclassreatsexpressionlevels as
univariatevariables,the differencebetweengenesand conditions
aredisregarded As aresult,Geneclasattemptdo nd submatrices
thathave constantexpressiorlevels alongboth dimensionswhich
may not be biologically meaningful.In contrast,BDTree optimi-
zesthe homogeneityon one dimensionof the expressionmatrix
in eachsplit, while allows heterogeneityon the other dimension.
Third, Geneclasgorceseachsplit to couplea row attribute anda
columnattribute. Therefore a total of attribute pairsneedto be
consideredor eachsplit, where and arethe numbersof row
andcolumnattributes,respectrely. BDTreeonly needgo consider

row andcolumnattributesindividually for eachsplit andis
thusmorescalable By couplingrow and columnattributes,Gene-
classmay have the adwantageof directly suggestingassociations
betweenregulatorsand binding motifs. However, it is not always
advisableto relateregulatorsto binding motifs. For example, the
binding motifs of a regulatoror a regulatoritself may not be pre-
sentin the list of candidateslt is also possiblethat the regulators
are post-transcriptionallyegulated;thereforeits expressionlevels
do not correlatewith the expressiorievels of its tamgets.BDTreeis
more e xible sinceit doesnotforceanexplicit pairingof regulators
andbinding motifs.

Our methodis generaland can be turnedinto several previous
methodseasily taking eachof themas a specialcase.For exam-
ple, when the minimum numberof column instancess setto a
sufciently large numbey BDTreeis equialentto thatin Phuong
etal. (2004).Whenvertical splits arerestrictedto occuronly after
horizontalsplits are completed, BDTree performssimilarly asthe
method of Segal et al. (2003). BDTree can also be applied to
domainsotherthancomputationabiology, suchasclinical studies.
For example themultivariateresponsemaybeatime-serieobser
vation of drug ef cacies on patients,for which our methodcanbe
usedto identify thetime-dependernimpactof differentfactors.

There are several directions that this method may be exten-
ded. One problemwith the currentimplementationof BDTreeis
that the splitting of genesor conditionsis strictly basedon attri-
bute values.Sucha hardsplit may be undesirableconsideringthat
thereareinevitable noisesin attribute values:motif representations
may be inaccurate expressionlevels of regulatorsare unreliable,
and normalizationmay introduceadditional noises. Furthermore,
the regressiontree learningalgorithmis essentiallygreedy never
re-consideringa split that has beenmade. To circument these
problems,somefuzzy rules may be appliedto nd soft splitting.
Look-aheadstratgiesmay be usedto nd globally bettertop-level
splits. Furthermore,someiterative stratgies may be adoptedto
improve motif representationg\notherproblemwith our approach
is thatit canonly modelsimultaneoushangesetweernregulators
andtargets,i.e., the expressionlevels of regulatorshave to be cor-
relatedor anti-correlatedvith thoseof the target genes.To allow
shiftedor reverselyshiftedcorrelationsto beidenti ed, the method
may include the expressionlevels of regulatorsat previous time
pointsasadditionalcolumnattributes.
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