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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�c 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 complex function of a living cell is controlledby regulating
the expressionof speci�c genesat several levels. Oneof the most
importantandbestunderstoodregulationmechanismsis at thetran-
scriptionallevel, wheretheexpressionof a geneis mediatedby the
bindingof transcriptionfactors(TFs)to speci�c DNA sequencesin
the promoterregion of the gene.Two basicassumptionsareoften
madewhenstudyingtranscriptionalregulation:�rst, theexpression
of a geneis determinedby the binding sitesof speci�c TFs on its
promoter;second,theexpressionof a geneis a functionof thecon-
centrationof speci�c TFs aroundits promoter. Basedon the two
assumptions,two distinctclassesof approacheshavebeenproposed
in studyingtranscriptionalregulation.

The �rst classof approachesattemptedto build quantitative or
qualitative modelsto associategeneexpressionlevelswith putative
binding motifs on their promotersequences(Fig. 1 boxes A and
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Fig. 1. Relationshipsbetweenour methodandpreviousmethods.Thebot-
tom right matrix representsgeneexpressionlevels. The bottomleft matrix
representsmotif occuranceson promotersequences.The top matrix is the
expressionlevels of regulators.Box A, the expressionlevels of multiple
genesundera singleconditionaremodeledby the motifs on their promo-
ters(e.g.,Bussemaker etal., 2001).Box B, theexpressionlevelsof multiple
genesundermultiple conditionsaremodeledby themotifs on their promo-
ters(Phuongetal., 2004).Box C, theexpressionlevelsof asinglegeneunder
multipleconditionsaremodeledby theexpressionlevelsof putative regula-
tors (Soinov et al., 2003). Box D, the expressionlevels of multiple genes
undermultiple conditionsaremodeledby the expressionlevels of putative
regulators(Segaletal., 2003).Box E, theexpressionlevelsof multiplegenes
undermultipleconditionsaremodeledby themotifson their promotersand
theexpressionlevelsof putative regulators(Middendorfet al., 2004andour
method).

B). Several approachesof this type have beenproposedwithin the
classi�cationandregressionframework. Bussemaker et al. (2001)
and others(Keleset al., 2002; Conlon et al., 2003) modeledthe
expressionlevels of genesas a linear regressionof putative bin-
ding motifs, and applied featureselectiontechniquesto �nd the
mostsigni�cant motifs. Hu et al. (2000)andourselves(Ruanand
Zhang,2004) useddecisiontreesto �nd motif combinationsthat
bestseparatetwo setsof genes.BeerandTavazoie(2004)built pro-
babilisticgraphicalmodels,e.g.,Bayesiannetworks,toexplaingene
expressionpatternsfrom motifs. Phuonget al. (2004)appliedmul-
tivariateregressiontreesto model the transcriptionalregulationof
geneexpressionover severaltimepointssimultaneously.

The secondclassof approacheshave beenproposedto model
geneexpressionlevelsfromtheexpressionlevelsof othergenes,i.e.,
TFsandotherregulators(Fig. 1 boxesC andD). For example,Soi-
nov etal. (2003)useddecisiontreeto identifypossibleregulatorsfor
severalcell-cycle genesindividually. Segalet al. (2003)proposeda
moresophisticatedproceduresuitablefor whole-genomeanalysis.
The method�rst clustersgenesaccordingto their expressionpat-
terns,andthenbuilds a regressiontreefor eachclusterto represent
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their commonregulation program.The procedurethen iteratively
re�nes theclustersandthetrees.

Middendorfet al. (2004)recentlyintroduceda methodthatcom-
binestheprevioustwo classesof approaches.Their methodmodels
geneexpressionlevelsfrom bothputativebindingmotifsonpromo-
tersequencesandtheexpressionlevelsof putative regulators(Fig. 1
box E). Herewe proposea methodthatalsofalls into this category.
Althoughourmethodhasthesameschematicrepresentationastheir
method,theunderlingmodelingrationalesareverydifferent,which
wewill comparein detail in Section4.

Ourmethod,calledbi-dimensionalregressiontreeor BDTreefor
short,is anextensionto themultivariateregressiontreeapproachof
Segal (1992)andPhuonget al. (2004).Breimanet al. (1984)�rst
introducedtheunivariateregressiontreeapproachto recursively par-
tition instancesinto groups,wheretheinstancesin eachgrouphave
similar attribute valuesand responses.Segal (1992) extendedthe
methodto handlemultiple responses,so that the instancesin each
grouphave a similar patternof responsesacrossmultiple conditi-
ons.Thebasicideaof our method,assuggestedby its name,is to
extendthemultivariateregressiontreeapproachto bothdimensions
of theexpressionmatrix (seeFig. 1). On onedimension,eachgene
is treatedasaninstance,wheretheattributesarethebindingmotifs
onits promotersequence,andtheresponsesareits expressionlevels
acrosstheconditions.Genesarepartitionedsothatthosein thesame
subsethavecommonbindingmotifsandsimilarexpressionpatterns
acrossthe conditions.On the other dimension,eachcondition is
treatedasaninstance,wheretheattributesaretheexpressionlevels
of candidateregulatorsunderthe condition,andthe responsesare
theexpressionlevelsof genesunderthat condition.Conditionsare
partitionedsothattheexpressionlevelsof a geneundereachsubset
of conditionsaresimilar.

Theway of partitioninggenesandconditionsin BDTreeis ana-
logousto bi-clustering(Chengand Church,2000). However, the
partitioningin BDTreeis supervisedby someintrinsic attributesof
the genesandconditions,i.e., the binding motifs on genepromo-
ters and the expressionlevels of regulatorsunder the conditions.
In contrast, in bi-clustering, the partitioning is unconstrainedby
thoseattributes.As a result, the model learnedby BDTreeis both
exploratoryandpredictive. It suggestsa setof testablehypotheses
of condition-speci�cbindingmotifs andregulatorsfor thegenesin
eachcluster, andcanalsobeusedto predicttheexpressionlevelsof
unseengenesunderunseenconditions,givenappropriateattributes
of thegenesandconditions.

Therestof thepaperis organizedasfollows.Thenext section�rst
introducestheunivariateregressiontreeandits multivariateexten-
sion,andthendescribesthebi-dimensionalmultivariateregression
treeapproach.Section3 presentssomeexperimentalresultsfrom
applying the method to the yeastcell-cycle and stressresponse
data.In thelastsectionwe discussthedifferencesandrelationships
betweenBDTreeandseveralrelatedmethods.

2 ALGORITHM

2.1 Univariate regressiontr ees
Here we give a brief overview of the univariate regressiontree
methodandreferthereaderto Breimanetal. (1984)for details.Sup-
posethat thereare 
 attributes �
� , ��� , ����� , ��� anda response� .
Thevaluesof theattributesandresponsesareobservedfor � instan-
ces: �������

���

�! �" , where�#��$%��&'�(�

�

�����

�

&)� �* , for +,$

���

�����

�

� . Here

the responsesare real values.We restrict all attributesto be real
valuesfor convenienceof thediscussion,althoughthemethodcan
handlecategoricalor mixedvalues.In thecontext of transcriptional
regulation,eachgeneis an instance,the attributesaremotifs, and
the responseis the geneexpressionlevel undera singlecondition
(Fig. 1, box A).

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

1. Initially thereis only therootnodecontainingall instances.

2. If thecurrentnodehasnotmetthestoppingcriterion,examine
every possiblebinary split of the instanceswithin the node
basedon eachattribute ��� , +�$

�-�

�����

�


 , suchthat the attri-
butevaluesfor all the instancesin onesubsetaresmallerthan
thosein theothersubset.

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

4. Repeatstep2 and3 for eachchild node.

To build a regressiontree,threerulesneedto bespeci�ed:asplit-
ting rule thatde�nes thebestsplit, a stoppingrule thatdetermines
whenthe splitting shouldterminate,anda third rule to prunecer-
tain branchesof thetreeafterthetreeis built. Herewe only discuss
the splitting rule, while the other two will be discussedafter we
introducetheBDTreemethod.

Thegoalof a split is to producechild nodesashomogeneousas
possiblewith respectto theresponses.A frequentlyusedcriterionis
the least-squarerule which aimsat minimizing thesum-of-squares
of responseswithin eachnode.Let . denotea nodeof the treeand

/10 denotethenumberof instancesin . . That is, . containsa subset
of theindices�

�-�

�����

�

�2" . Thewithin-nodesum-of-squaresis given
by 343
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The bestsplit is determinedby an attribute �
� anda threshold

@

suchthat
=

��.

�

.
�

�

.
�

 is maximizedandthat thevalueof �
� for

every instancein .*� is lessthan
@

while that for every instancein
.<� is no lessthan

@

. To �nd the bestsplit, all possiblethresholds
for eachattribute are tested,and the split with the highestgain is
chosen.

2.2 Multi variate regressiontr ees
It is not uncommonto encounterdomainswherethe responsesare
observed under multiple conditions, that is, the responseof an
instanceis alsoa vector: A

�
$B�

�

���

�

���C�

�D�

�FE
 , where / is thenum-

berof conditionsand
�

� G is theresponseof the + th instanceunderthe
H

th condition.For example,in DNA microarrays,geneexpression
levelsaretypically recordedfor several timepointsor experimental
conditions.

A naive solution for this situation is to build a regressiontree
for eachcondition separately. However, it is dif�cult to combine
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multiple trees. Segal (1992) introduceda multivariate regression
treemethodto constructa singletreeto modelmultiple responses
simultaneously. He generalizedthe within-nodesum-of-squaresin
Equation(1) asfollows:
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(3)

where A#� is the vectorof responsesfor the + th instance,L is the
modelcovariancematrix of A � , and IA is the averageof A � within
node . . With

343

��.� de�ned, the gain function remainsthe same
as Equation(2) and the recursive algorithm proceedsto split the
instancesasin thecasewith a singleresponse.

Phuonget al. (2004) applied the multivariate regressiontree
method to gene expressiondata by treating genesas instances,
wherethe numbersof occurrencesof motifs in promotersare the
attributevalues,andtheexpressionlevelsatdifferentconditionsare
themultivariateresponses(Fig. 1, boxB). As notedby Segal (1992)
andPhuonget al. (2004),themultivariateregressiontreemethodis
intermediarybetweenclassi�cationandclustering.Theresponsesof
differentinstancescanbewritten asa matrix RS$T�

�

� G  , where + is
theindex of aninstanceand

H

is theindex of acondition.Themulti-
variateregressiontreepartitionsthematrix into sub-matrices,where
eachsub-matrixcontainsall thecolumns(conditions)but only some
rows (genes)of the original matrix. Therefore,clusteringis achie-
ved directly when instanceswith similar patternof responsesare
groupedtogether.

2.3 Bi-dimensionalmulti variate regressiontr ees
Now considera multivariateresponsesituationwhereeachcondi-
tion canalsobe describedby a setof attributes, UV�

�

�C���

�

UOW , just
asthe instancescanbedescribedby attributes �X�

�

�����

�

��� . In this
case,the responsematrix RY$Z�

�

� G
 can be transposed,and the

regressionproblemcan be de�ned for the conditions.Eachcon-
dition is now treatedas an instance.The observationsfor the

H

th
conditioncanbewritten as ��[\G

�

A'G< , where [\G�$B��]>G^�

�

�����

�

]>G�W< 

and A
G

$_�

�

�`G

�

�C���

�D�

E�G
 , with / beingthe numberof conditions

and a thenumberof attributesof a condition.A regressiontreecan
thenbelearnedto modeltheconditiondata.For clarity, we call the
conditionscolumninstancesandthe instancesrow instances, since
they correspondto the columnsand rows of the responsematrix,
respectively. Accordingly, we call �X�

�

�����

�

��� row attributes, and
Ub�

�

�����

�

UOW columnattributes.
In thecaseof geneexpressionanalysis,thecolumnattributesthat

canbeusedto describeeachconditionaretheexpressionlevels of
a setof candidateregulatorsunderthat condition(Fig. 1, boxesC
andD). Therefore,a regressiontreebuilt from thecolumninstances
explains the expressionlevels of genesunderdifferent conditions
with the expressionlevels of selectedregulators.The motivating
assumptionis that the expressionlevel of a genedependson the
expressionlevelsof its regulators.

The goal of our methodis to model the responsesusing both
row attributesandcolumnattributes,i.e., to �nd the row attributes
andcolumnattributesthatcanexplain theresponses.In theregres-
siontreeframework, thiscorrespondsto recursively partitioningthe
responsematrix horizontally accordingto row attributesand ver-
tically accordingto column attributes. The objective is to make
the sub-matricesin child nodesashomogeneousaspossiblewith
respectto responses.

Formally, the input to the algorithm includesa responsematrix
Rc$d�

�

� G� , the associatedrow attribute matrix ef$g���#�! , and
columnattribute matrix hi$j��[ G  , where � � $k��& ���

�

�����

�

& � �  

is the setof attributesfor the + th row, +l$

�-�
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� , and [ G $

��]m�`G
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�����

�

]nW!G- is the set of attributes for the
H

th column,
H

$

���

�����

�

/ . For example, the three matricesin Fig. 1 representing
motif scores,geneexpressionlevelsandregulatorexpressionlevels
correspondto e , R and h , respectively. Eachsplit divides the
responsematrix R vertically or horizontally. As a result,eachnode
of theregressiontreecontainsa submatrixof R andtheassociated
row andcolumnattributes.

To facilitatesubsequentdiscussions,wede�ne somesymbolsand
notations.Let o���.

�Qp

 denotea nodeof a tree, where . containsa
subsetof therow indices �

���

���C�

�

�q" , and
p

containsasubsetof the
columnindices �

�-�

�C���

�

/

" . Whenthereis no confusion,we abbre-
viate o���.

�Qp

 as o or ��.

�Dp

 . Let / 0 and /sr denotethenumberof rows
andthenumberof columnsof theresponsematrix in nodeo , respec-
tively. Let t

P

denotethe responsematrix in o . Let IA

P

0

� denotethe
vectorof averageresponsesacrossall columnsin o and IA

P

�

r thevec-
tor of averageresponsesacrossall rows in o . Furthermorelet 9
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P

�

�

denotethe + th elementof IA

P

0

� and 9
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P

�

G

the
H

th elementof IA

P

�

r . Let
9

�

P

denotethe averageresponseof all rows andcolumnsin o . The
superscripto is droppedwhenthereis noconfusion.

A critical issuein our algorithmis to designa measureto re�ect
the homogeneityof the responsematrix on both dimensions.For
a node o���.

�Mp

 , a good candidateis the sum of squaredresidues
introducedby ChengandChurch(2000)for bi-clustering:
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wherethesuperscripto onvariableshasbeendropped.Equation(4)
canalsoberewritten as:
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where €

�

��tq is the populationvarianceof the responses.A proof
of Equation(6) by the central limit theoremis provided on the
Supplementarywebsitehttp://cic.cs.wustl.edu/bdtree/.

With
343

�

��.

��p

 de�ned, thegainof a split canbecalculatedthe
sameas in Equation(2). Note that whena row split is taken, the
averageresponsesacrosscolumnsarenot affected,andvice versa
for columnsplits.Therefore,whentheresponsematrix is split hori-
zontally, with .

� and .
� rows in eachchild node,respectively, the

gaincanbecomputedby:
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�ƒ…

/sr vector of averageresponses
acrossall rows in child node o���.^�

�Dp

 . Similarly, whentheresponse
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matrix is split vertically, with
p

� and
p

� columnsin eachchild node,
respectively, thegaincanbecomputedby:
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with IA

�

0

� similarly de�ned.
Given Equations(7) and(8) for calculatinggains,the algorithm

testsall possiblesplitsonrowsandcolumns,andselecttheonewith
the highestgain. Therefore,the algorithm automaticallydetermi-
neswhetherthesplit shouldbedoneonrows or columns.However,
when the shapeof the initial responsematrix R is skewed, the
gain function prefersthe split on the longerside. For example,if

�k†

/ (which is normally the casein geneexpressiondata),the
gainfunctionprefersto split on columnsto produceevennarrower
submatrices.This is becausethe expectedgain for a split on one
dimensionis proportionalto the lengthof theotherdimension(see
theSupplementarywebsitefor aproof):
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To scaledown this systematicbias,we de�ne andcalculatethe
following adjustedgainsinstead:
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A problemwith thehomogeneitymeasureby
343

�

is thatthepro-
ducedclustersareoftennot tight. For example,the

343

�

measureof
a matrix is zeroif all rows (or columns)differ only by somecon-
stantvalues,i.e., A#�

8
A'Gb$;‹Œ� G<• , for all + ,
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, where A#� and A'G
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, whereeachrow is a geneand

the valuesare the log ratios of expressionlevels under different
conditions. The cluster doesnot seemto provide any biological
signi�cance,despitea perfectscore.To dealwith this problem,we
de�ne differentsum-of-squaresfor rows andcolumns:
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Thegainfor a row or columnsplit is de�ned correspondingly:
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0 or
343K—

r is equivalent to the sumof
343

for eachcolumn
or row, respectively, accordingto Equation(1). This measurement
requiresa good cluster to be coherenton at leastone dimension
of thematrix. Furthermore,thedifferentgain functionsde�ned for
row andcolumnsplits enforcethata goodrow split must improve
thehomogeneityalongthecolumns,anda goodcolumnsplit must
improve thehomogeneityalongtherows. This enforcementis con-
sistentwith biologicalintuitions.For example,whenamotif is used
to separatetwo setsof genes,the geneswithin eachset should
have similar expressionlevelsunderthesameconditions,while the
expressionlevelsunderdifferentconditionsmaybedifferent.

Interestingly, theexpectedvaluesof
=

—

arethesameasin Equa-
tion (9).Therefore,asystematicbiasbetween

=

0 and
=

r still exists,
andtheadjustedgaincanbede�ned similarly asin Equation(10).

Given thegain functions,the algorithmproceedsthe sameasin
the caseof a single responsedescribedin Section2.1, except the
secondstep:

�<Š

� If thecurrentnodehasnotmetthestoppingcriterion,examine
every possiblebinarysplit of the row instancesor thecolumn
instanceswithin thenode,basedon eachrow attribute � � , +,$

���

�����

�


 , or columnattribute UXG ,
H

$

�-�

�����

�

a , respectively,
suchthattheattributevaluesfor all theinstancesin onesubset
aresmallerthanthosein theothersubset.

Whenanalyzinggeneexpressiondata,the columnattributesare
regulators,which may alsoappearin the list of genesin the rows.
Thealgorithmdoesnotallow aregulatorto bethesplittingattribute
of anodethatcontainstheregulatoritself, sinceagene's expression
level canalwaysbeusedto predictits own expression.

To prevent the treefrom over-�tting thedata,severalparameters
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-pruningprocedurecanbeperformedwith asepa-
ratetestset,whereaninternalnodeis convertedto a leaf nodeif by
doingsothepredictionaccuracy on thetestdatadoesnotdecrease.

To predicta response,the correspondingrow andcolumnattri-
butesarecomparedto the thresholdvaluesat eachtreenodeanda
branchis taken accordingto the result of the comparisonat each
step.Startingfrom therootnode,thealgorithmwill alwaysendat a
terminalnodeo . Theaveragevalueof theelementsin t

P

is usedas
thepredictedvalue.

2.4 Cross-validation and functional analysis
The prediction accuracy of BDTree is estimated by cross-
validations.Theprocedureof cross-validationin BDTreeis slightly
different from that in a one-dimensionalmethod.Given a training
dataset,we denotethesetof row instancesas . andcolumninstan-
cesas

p

. To performa ten-fold cross-validation, . and
p

areboth
randomlydivided into 10 subsetsof roughly equalsize, denoted
by .*�

�

�C���

�

.*�!˜ and
p

�

�

�����

�Dp

�!˜ , respectively. Every time a subma-
trix containingnine subsetsof the rows and nine subsetsof the
columns, ��.�™<.^�! 

…

�

p

™

p

�š , is usedfor training,while threesubma-
trices, .^�

…

�

p

™

p

�š , ��.�™<.^�! 

…›p

� , and .^�

…}p

� areusedfor testing,
for +>$

�-�

�C���

���Cœ

. Themeansquarederrorsor thecorrelationcoef-
�cient betweenthe predictedandactualvaluesarecalculatedasa
measureof accuracy. In addition,accuraciescanbe calculatedfor
the threetestingsubmatricesseparately, correspondingto the pre-
dictionaccuracy for unseenrows,unseencolumns,andunseenrows
plusunseencolumns.

In the caseof analyzinggeneexpressiondata,eachleaf nodeof
thetreecontainsasubsetof thegenesandasubsetof theconditions.
To determinethefunctionalrelevanceof thesplits,we calculatethe
enrichmentof geneontology(GO)terms(Harrisetal., 2004)within
eachleafnode.Whenpossible,wealsogrouptheexperimentalcon-
ditions into categories,and calculatethe enrichmentof particular
categorieswithin eachleaf node.Thesigni�canceof enrichmentis
measuredby anaccumulativehyper-geometrictest,andthe
 -values
areadjustedby Bonferronicorrectionsfor multiple tests(Altman,
1991).
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When a tree is built, it automaticallyselectsa set of attributes
from therow attributesandcolumnattributesto explain thepattern
of responses.Intuitively, thegainof splitting a nodewith a certain
attributecanbeusedasameasureof theimportanceof theattribute.
However, the treeonly selectstheattributewith thehighestgainat
eachstep,while ignoring all the others.Phuonget al. (2004)pro-
videsa bettermethodto measurethe importanceof all attributes,
basedonsurrogatesplits.Weadoptthesameidea,but rankrow and
columnattributesseparately.

3 RESULTS

3.1 Data sets
To demonstratethestrengthof ourmethodin identifyingrealmotifs
andregulators,we testedit on two microarraysetsfor S.cerevisiae.
Thecell-cycledatasetconsistsof theexpressionlevelsof 800genes
measuredunder77 differenttime pointsin cell cyclesfrom several
experiments(Spellmanet al., 1998). The stressresponsedataset
includesgeneexpressiondatacollectedunder173 differentstress
conditions.As in Middendorfet al. (2004),we selected1411genes
from thestressdataset,whichincludes469highly variantgenesand
1250genesthatarepartof the17 clustersidenti�ed by Gaschet al.
(2000).Wedownloadedthebackgroundnormalizedlog ratiosof all
genesfrom SGD(Dwight et al., 2004).

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

•

-mers( žƒŸ

•

Ÿ¡  ) discoveredby a steganalysis-basedmotif �n-
ding algorithmcalledWordSpy developedin our lab (Wanget al.,
2005).The setof motifs from Pilpel et al. includesknown motifs
andputative motifs identi�ed computationallyfrom commonfunc-
tionalcategories.WeusedRSAtools(vanHelden,2003)to retrieve
up to 500bpof intergenic sequencesupstreamof eachgenestart
codonas its promoter, and searchedboth 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 occurrencesin a promotersequenceis usedasits score.
All dataincluding geneexpressionandattributesareavailableon
theSupplementarywebsite.

3.2 Simulation study of gain functions
Wehaveshown in Section2.3thatfor bothSS2andSS3,thetheore-
tically expectedgainresultedfrom a randomsplit is correlatedwith
thesizeof thedimensionthat is unsplit.Here,we usesimulationto
show thatthis is alsotruein practice.

We �rst consideredthe casewheregeneexpressionlevels are
identically and independentlydistributed (i.i.d.). We randomly
shuf�ed the yeast cell-cycle gene expressionmatrix, which is
thensplit into two sub-matricesby randomlydividing its rows or
columnsinto two sets.The relative sizesof the two sub-matrices
vary from 1:9 to 5:5.Fig. 2(a)shows theaveragegainsof 1000ran-
dom splits on rows or columns,calculatedusingSS2.As shown,
theaveragegainsagreewith thetheoreticalresultsalmostperfectly,
regardlessthe relative sizesof the two sub-matrices.The gainsof
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Fig. 2. Simulatedgains.(a) Unadjustedgainson an i.i.d. matrix; (b) Adju-
stedgainson a real matrix. P is the relative sizesof the two sub-matrices
aftersplitting.

columnsplitsaremuchlarger thanthoseof row splits,which justi-
�es theadjustmentof gainsby Equation(10).Next, werepeatedthe
experimentson therealyeastcell-cycleexpressionmatrix, to which
the i.i.d. assumptiondoesnot hold. The averagegainsarecloseto
the theoreticalvalues,althoughthe agreementis not aswell as in
the i.i.d. case.As shown in Fig. 2(b), the adjustedgainsresulted
from row splits or columnsplits have similar meansandstandard
deviations.TheresultsusingSS3or thestressresponsedatasetare
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 correlationcoef�cients betweenthe
predictedandactualvaluesasameasureof accuracy.

In the�rst setof experiments,we analyzedtheeffect of thechoi-
cesof parameters.Wehaveshown by simulationthattheadjustment
of gainsis necessaryto eliminatethe systematicbiasbetweenrow
andcolumnsplits. In fact, the modelbuilt with adjustedgainshas
a highercross-validationaccuracy thanthat with unadjustedgains
(0.54vs.0.43).Wealsofoundthatthetreebasedon

343K—

hasbetter
accuracy thanthat basedon

343

�

(0.54 vs. 0.45). In addition, the
predictionaccuracy for unseengenes(0.56) is slightly higherthan
for unseenconditions(0.52)or unseengenesplusunseenconditions
(0.51).

Next, We comparedthe accuracy of BDTree to the
•

-nearest
neighbor(KNN) method.With the KNN method, the expression
level of a geneat a certainconditionwaspredictedby theaverage
expressionlevel of the

•

nearestgenesunderthe
•

nearestconditi-
ons(best

•

$

�<œ

in our experiment),wherethe distancebetween
genesor conditionswasde�ned by theEuclideandistanceof their
normalizedattribute vectors.We choseKNN asa baselevel clas-
si�er becauseit is relatively easyto implementa bi-dimensional
counterpartof our algorithm. The cross-validation accuracy of
BDTree(0.54)is muchhigherthanthatof theKNN method(0.37).
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Table 1. confusionmatrix

Predictedby BDTree Predictedby Geneclass
Down Baseline Up Down Baseline Up

Down 15.2% 7.1% 2.9% 16.5% 8.9% 1.5%
TRUE Baseline 7.0% 34.5% 9.2% 9.3% 32.4% 6.3%

Up 2.4% 8.4% 13.2% 2.8% 9.9% 12.0%

Second,we consideredthe casewhereBDTree is grown using
row attributesonly. This is equivalent to the methodof Phuong
et al. (2004)in spirit. Sincethe expressionmatrix is only partitio-
nedhorizontally, the methodis unableto predictexpressionlevels
underunseenconditions.Therefore,weconductedcross-validations
only on unseengenes.The correlationcoef�cient obtainedby this
methodis similarto ourfull modelwherebothrow andcolumnattri-
butesareused(0.57vs.0.56),whichmeansthatourmethoddid not
loseany informationin row attributeseventhoughcolumnattributes
areusedtogether.

Finally, wecomparedourmethodto theGeneclassmethod(Mid-
dendorfet al., 2004), which is similar to ours in that it can also
predict geneexpressionlevels using both regulatorsand binding
motifs. Oneproblemwhencomparingto their results,however, is
that their methodis only applicableto pre-discretizedexpression
levels, while our methodcanbe appliedto real expressionvalues.
Therefore,we discretizedtheexpressiondatainto threelevels (up,
down andbaseline)as in their method,andobtaineda confusion
matrix for ourpredictionsasshown in Table1. It turnedout thatthe
two methodshave similar predictionaccuracies(63% for oursvs.
61%for theirs)usingdiscretization.Ontheotherhand,theirmethod
hasuseda techniquecalledboosting,which greatlyimprovespre-
diction accuracy, but reducesinterpretability of models. Besides
not requiringdiscretization,our methodalsohasseveraladditional
advantagesthatwill bediscussedin Section4.

3.4 Biological interpretation and functional analysis
Fig. 3 shows the regressiontree learned from the yeast stress
responsedataandthegeneexpressionmatrix reorganizedaccording
to the tree. The interpretationof the tree is straightforward. Each
oval representsarow attribute(pre�xedby ”h.”) for horizontalsplit-
ting, or columnattribute(pre�xedby ”v.”) for verticalsplitting.The
edgelabelsrepresentthe thresholdsusedfor splitting. Eachgray
box is a leafnode,wherethe�rst labelis theID of thenode,andthe
secondlabel is theaveragegeneexpressionfor thesub-matrixcor-
respondingto thenode.Notethattwo subtreesarecollapsedto save
space(shown asN373andN785).Eachpathfrom theroot nodeto
a leaf nodeforms a rule, which representsa biological hypothesis
aboutthe logic relationshipsamongthe expressionlevels of target
genes,presenceof bindingmotifs,andtheexpressionlevelsof puta-
tive regulators.For example,nodeN1267shows thattheexpression
of geneswith bothmRRPEandPAC motifs arehighly repressedif
theexpressionof Tpk1andKin82 arebothinduced.

In order to better interpretand understandtheserules, we cal-
culatedthe enrichmentof GO functional categoriesfor the genes
within eachleaf node.We alsogroupedthe173experimentalcon-
ditions into 19 categories,andidenti�ed the signi�cantly enriched
categoriesfor eachleafnode.Together, thisdescribesthefunctional

rolesof a setof genes,their regulatorsandmotifs, andthe condi-
tions underwhich they areactivatedor deactivated.The complete
resultsof the analysiscan be viewed interactively on the Supple-
mentarywebsiteby clicking on the treenodes.Overall, amongthe
50leafnodes,45haveenrichedconditionsand42haveenrichedGO
categorieswith corrected
 -values¢ 0.05(seeSection2.4).

On the top levels, thematrix is horizontallypartitionedinto � ve
blocks by row attributes(binding motifs or binding factors).The
�rst block, correspondingto leaf nodesfrom N1084 to N1267,
contains245 geneswhosepromotersall have mRRPEmotifs. It
is known that mRRPEis importantin regulating rRNA transcrip-
tion andprocessing,a processthat is repressedundermany stress
conditions(Pilpel et al., 2001; Gaschet al., 2000). Indeed, GO
analysisshowedthat74 of thesegenesparticipatein rRNA proces-
sing (
6¢ 8e-65).Furthermore,94 geneshaving both mRRPEand
PAC motifs (nodesN1252andN1267)aremoredrasticallyrepres-
sedthanthegeneshaving mRRPEonly, which agreeswith thefact
that the two motifs work cooperatively (Sudarsanamet al., 2002).
ComparingtheGO annotationof thegeneshaving bothmotifs and
thegeneshaving mRRPEonly, theformeraremuchmoreenriched
in nucleolus(63/94 vs. 32/151, 
T¢ 8e-13),and ribosomebioge-
nesisand assembly(60/94 vs. 36/151, 
£¢ 5e-10). On the other
hand,the geneshaving only mRRPEmotifs aremoreenrichedin
cytoplasm(95/151vs. 22/94, 
%¢ 1e-9), and protein biosynthesis
(38/151vs. 6/94, 
V¢ 9e-5).This suggeststhat thegenesregulated
by both mRRPEandPAC have regulatory roles in ribosomebio-
synthesis,while thegenesregulatedby 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 polysaccharidemetabo-
lism/glycanmetabolism(
•¢ 0.003).This suggeststhat, although
tttctt andttttct aresimilar to eachother, they maybebindingmotifs
of differentTFs(Cliften etal., 2003).

Theotherfour blocksalsoprovide somebiological insights.The
secondblockcontains105genesregulatedby Fhl1(leafnodesfrom
N1026 to N1064). Among them, 97 are structuralconstituentof
ribosome(
ƒ¢ 3e-144).This is consistentwith therecentresultsthat
Fhl1 (togetherwith Ifh1) playsa centralrole in ribosomeprotein
generegulation(Wadeet al., 2004).The third block containsleaf
nodesfrom N579to N1015.Themainbindingmotif in this block,
agggg, is the consensussequenceof the stressresponseelement
(STRE),which inducesa large numberof stress-responsive genes
(Gaschet al., 2000).ThemostenrichedGO category is generation
of precursormetabolitesandenergy (60/401,
ƒ¢ 3e-26).Thegenes
having threeor more copiesof STRE motifs (nodeN986) show
higher inductivity thanthosehaving lesscopies,andareenriched
in energy reserve metabolism(
:¢ 1e-9),or speci�cally, trehalose
metabolism,which is an importantdeterminantof stressresistance
in yeast(Winderickxet al., 1996).This suggeststhat theTF bound
to STRE may have a preferencefor repetitive motifs. The fourth
block (N526, N539 andN550) has76 genesthat areregulatedby
ctcactg,which is the consensussequenceof PAC. Like the genes
in N1267,this setof genesarealsoenrichedin ribosomebiogene-
sis and assembly(
¤¢ 1e-10),althoughthe degreeof enrichment
lower than in N1267(20/76vs. 60/94, 
S¢ 1e-6).Lastly, the �fth
block is enrichedwith genesfor Nitrogen compoundmetabolism
(
;¢ 7e-21). Note that to the right of this block, the genesare
separatedinto many small subsets,eachof which is regulatedby
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h.mRRPE

h.Fhl1_ypd

< 14.34

v.Tpk1

>= 14.34

h.agggg

< 2.64

v.Ppt1

>= 2.64

h.ctcatcg

< 1.0

v.Usv1

>= 1.0

v.Usv1

< 1.0

v.Kre35

>= 1.0

N6
(0.05)

< 3.15

N373
(-0.05)

>= 3.15

v.Hap4

< -0.84

N550
(-0.04)

>= -0.84

N526
(-0.88)

< 2.0

N539
(-1.67)

>= 2.0

v.Tpk1

< 1.1

h.PAC

>= 1.1

h.PAC

< 0.0

N634
(0.28)

>= 0.0

v.Cad1

< 15.06

N631
(0.21)

>= 15.06

N579
(-0.68)

< -0.4

N606
(-0.16)

>= -0.4

h.agggg

< 15.06

N1015
(-0.91)

>= 15.06

N785
(0.96)

< 3.0

N986
(1.74)

>= 3.0

v.Yfl052w

< -1.29

v.Kre35

>= -1.29

N1026
(-1.39)

< 1.1

N1027
(-2.44)

>= 1.1

v.Ppt1

< -0.12

N1064
(0.34)

>= -0.12

N1048
(-0.87)

< -0.81

N1057
(-0.22)

>= -0.81

v.Yvh1

< 1.68

h.PAC

>= 1.68

v.Sgd1

< 0.16

N1172
(0.32)

>= 0.16

N1084
(-0.92)

< -0.81

N1099
(-0.24)

>= -0.81

h.mRRPE

< 15.34

v.Kin82

>= 15.34

h.tttctt

< 16.15

v.Snf3

>= 16.15

h.ttttct

< 2.0

N1219
(-1.22)

>= 2.0

N1209
(-0.99)

< 2.0

N1214
(0.98)

>= 2.0

N1233
(-0.87)

< 0.82

N1238
(-1.75)

>= 0.82

N1252
(-1.42)

< 1.54

N1267
(-2.41)

>= 1.54

Fig. 3. Model built by BDTreefor the yeaststress-responsive genesandthe partitionof the expressionmatrix. Nodelabelspre�xed by “h.” (“v.”) arerow
(column)attributes.Row attributeswhosenamesstart with a upper-caseletter followed by lower-caselettersare from binding data.Row attributeswith
all lower-caseletersnamesare ¥ -mersfrom wordspy. The remainingrow attributesarefrom the motif setof Pilpel et al.. The bottom-leftandupper-right
submatricescorrespondto leaf nodesN6 and1267,respectively. This �gure canbeviewedwith a higherresolutionon theSupplementarywebsite.

a differentmotif. GO analysisrevealedthateachsubsetof genesis
responsiblefor the metabolismof different substrates.For exam-
ple, there are nodesenrichedwith asparaginecatabolism(N392
on the Supplementarywebsite, 
¦¢ 3e-8), aldehydemetabolism
(N375, 
J¢ 0.015),methioninemetabolism(N442, 
§¢ 0.002)and
glucosidaseactivity (N521,
ƒ¢ 0.001).

On the other hand, although we found that most regulators
selectedby the tree have beenreportedas important in regula-
ting stress-responsive genes(e.g., Usv1, Ppt1, Tpk1, Kin82), the
exactbiologicalroleof putative regulatorsis hardto determine.One
reasonis thatTFsareoftenpost-transcriptionalmodi�ed or translo-
catedbeforeit canbind to a promoter. Therefore,themRNA levels
of a TF maynot indicateits activity. In somecases,sincewe have
includedsignalingmoleculesas candidateregulators,our method
may selecta kinasethat activatesthe TF insteadof the TF itself.
In general,whenthe transcriptionof a generequiresa cascadeof
activation/deactivation,ourmethodmayselecta regulatorupstream
to theactualtranscriptionalregulation.Nevertheless,we foundlite-
raturesupportfor someof the rules. For example,the treeshows
that the expressionof Tpk1, a subunit of cAMP-dependentpro-
tein kinase(PKA), is negatively associatedwith the expressionof
mRRPEtargets.It hasbeenreportedthatcAMP signalingpathway
regulatesthe down-regulationof ribosomebiogenesis(Schawalder
etal., 2004).Furthermore,it is known thattheRAS/cAMPpathway
negatively regulatescellularphysiologycharacteristicof stationary-
phase(Schawalder et al., 2004). This agreeswith our resultsthat
nodeN1267 is enrichedwith GO annotationribosomebiogenesis
and assembly, and the most signi�cant conditionsare “stationary
phase”.Anothercomputationalstudyby Segal et al. (2003)sugge-
steda role for Tpk1 andSgd1in theregulatoryprogramfor rRNA
processingandribosomebiogenesis,which is similar to our results.
Msn2,theTF thatbindsto STRE,needsto betranslocatedfrom the
cytoplasmto nucleusunderstressconditions,andit hasbeenrepor-
tedthatPKA is involved in thetranslocation(Jacquetet al., 2003),

which is consistentwith our analysis(nodeN634).Our resultssug-
gestthatUsv1,whichhasbeenidenti�ed asatopregulatorfor many
stressresponse(Segal et al., 2003),mayplay a role in this process
aswell.

Wealsocalculatedtheimportancemeasureof eachattributeusing
surrogatesplits(seeSection2.4).Table2 showsthetop20row attri-
butesandtop20columnattributesrespectively. Thecompletelist is
availableon theSupplementarywebsite.

Among the top 20 row attributes,PAC (as well as gctcatcand
ctcatcg), mRRPE, and Fhl1 are known to be related to stress
responseasdiscussedabove. agggg,ccctt, ggggcandaggggcare
variantsof theextendedSTREmotif (a/caggggc/ggg)or its reverse
complement(Harbisonetal., 2004).tccctandtcccttarethebinding
motifs of Gis1, a transcriptionalfactor involved in the expression
of genesduringnutrientlimitation (Oshiroet al., 2003).Rap1and
Snf1areknown to controltheexpressionof ribosomalproteingenes
during variousstressresponses(Gaschet al., 2000;Dwight et al.,
2004).Both Gat3andYap5have functionsin stressresponsesand
co-bindwith Msn4 (BanerjeeandZhang,2003).The binding data
of Fhl1 andRap1measuredunderdifferentconditionsareall 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 suggeststhat
thebinding speci�city of Msn2variessigni�cantly underdifferent
conditions.

Many of the top 20 column attributes, such as Usv1, Tpk1,
Xbp1, Gis1,Kin82, Gac1,Rim11,Gpa2,Yjl103c, andTos8,have
evidenceto be involved in regulating various stressresponsesin
SGD database(Dwight et al., 2004) or other computationalana-
lyses(Middendorf et al., 2004; Segal et al., 2003). Interestingly,
we �nd that only a few of the identi�ed top regulatorsare TFs
(XBP1, GIS1, TOS8,NRG1, GAT2), while the majority arepro-
tein kinasesor hydrolases.This suggeststhat theactivities of many
stress-responsive TFsareregulatedpost-transcriptionally.
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Table2. Top row andcolumnattributesidenti�ed by BDTree

top row
attributes

PAC, mRRPE, Fhl1 rapa, Fhl1 ypd, agggg, Fhl1 sM,
Fhl1 h2o2hi, ccctt, Rap1sm, gctcatc, Rap1ypd, Gat3ypd,
Rap1,ggggc,Sfp1 sm,ctcatcg,aggggc,tccct,Yap5ypd, tccctt

top
column
attributes

Usv1, Tpk1, Xbp1, Kns1, Sip2, Kin82, Yjl103c, Mtl1, Ppz2,
Yak1,Gis1,Pde1,Rim11,Gpa2,Tpk2,Tos8,Nrg1,Gat2

Row attributesstartingwith upper-caseletter followedby lower-caselettersarefrom bin-
ding dataof Harbisonet al.. Row attributeswith all upper-caselettersarefrom the motif
setof Pilpel et al.. rapa:nutrientdeprived.sm:aminoacidstarvation.ypd: normalgrowth
condition.

We also learneda model of the yeastcell-cycle data. The tree
anddetailedanalysisis on theSupplementarywebsite.Our method
identi�ed almostall known TFsregulatingtheyeastcell-cyclegenes
andtheir bindingmotifs (seeSupplementarywebsite).

4 DISCUSSION
In this research,we have developed a novel method, the bi-
dimensionalregressiontree(BDTree),for modelingtranscriptional
regulationfrom large-scalegeneexpressiondata.BDTreeis asigni-
�cant extensionof previous works. First, the tree-basedapproach
doesnot assumelinearadditivity of regulatoryelementsor any dis-
tribution of the underling data set. Second,by consideringgene
expressionundermultiple conditionssimultaneously, the method
cantoleratemorenoisesthanusingindividual arrays.More import-
antly, by takinginto accountboththeexpressionof putative regula-
torsandtheoccurrenceof putative bindingmotifs, BDTreeis able
to identify condition-speci�cregulatoryelementsandregulatorsfor
eachgene.We have successfullyappliedBDTreeto theyeastcell-
cycle and stressresponsedata, and identi�ed many biologically
signi�cant bindingmotifsandregulators.

Two existing methodsare similar to our approachin that they
alsoattemptto modelthe large-scalegeneexpressiondataundera
largenumberof conditions.Themodulenetworksapproach(Segal
et al., 2003)clustersgenesaccordingto their expressionpatterns,
and builds a regressiontree for eachcluster. However, in their
method,binding motifs arenot consideredwhenclusteringgenes.
As a result, geneshaving similar expressionpatternsareassigned
thesamesetof regulators,regardlessof thedifferenceof their pro-
moters. Furthermore,the clusteringof genesin their methodis
basedontheexpressionlevelsacrossall conditions.Therefore,their
methodis unlikely to identify condition-speci�cregulation.

TheGeneclassmethod(Middendorfetal., 2004)is themostsimi-
lar to ours.Indeed,GeneclassandBDTreehave thesameschematic
representation(Fig. 1 box E), i.e., modelinggeneexpressionlevels
from putative bindingmotifs andTF expressionlevels. In addition,
bothmethodsbuild tree-basedmodels(decisiontreesin Geneclass
and regressiontrees in BDTree). Despite thesesimilarities, the
underlingmodelingrationalesarevery different.BDTreeis a novel
extensionto a multivariateregressiontree approach,while Gene-
classtransformsthe modelingprobleminto a traditional decision
tree learningproblem.This differenceleadsto several signi�cant
consequences.

First, in Geneclass,geneexpressionlevelshave to bediscretized
into threecategories:up, down, andintermediate,but only the up

anddown categoriesareusedfor training. Thesechoicesarearbi-
trary andmaycausea signi�cant amountof informationto be lost.
BDTree, on the other hand,acceptsreal-valueddataand usesall
datapoints.Second,becauseGeneclasstreatsexpressionlevels as
univariatevariables,the differencesbetweengenesandconditions
aredisregarded.As a result,Geneclassattemptsto �nd submatrices
thathave constantexpressionlevels alongboth dimensions,which
may not be biologically meaningful.In contrast,BDTree optimi-
zes the homogeneityon one dimensionof the expressionmatrix
in eachsplit, while allows heterogeneityon the other dimension.
Third, Geneclassforceseachsplit to couplea row attribute anda
columnattribute.Therefore,a totalof �

/ attributepairsneedto be
consideredfor eachsplit, where � and / arethe numbersof row
andcolumnattributes,respectively. BDTreeonly needsto consider

�Tv

/ row andcolumnattributesindividually for eachsplit andis
thusmorescalable.By couplingrow andcolumnattributes,Gene-
classmay have the advantageof directly suggestingassociations
betweenregulatorsandbinding motifs. However, it is not always
advisableto relateregulatorsto binding motifs. For example, the
binding motifs of a regulatoror a regulator itself may not be pre-
sentin the list of candidates.It is alsopossiblethat the regulators
arepost-transcriptionallyregulated;thereforeits expressionlevels
do not correlatewith theexpressionlevelsof its targets.BDTreeis
more�e xible sinceit doesnot forceanexplicit pairingof regulators
andbindingmotifs.

Our methodis generaland can be turnedinto several previous
methodseasily, taking eachof themasa specialcase.For exam-
ple, when the minimum numberof column instancesis set to a
suf�ciently large number, BDTree is equivalent to that in Phuong
et al. (2004).Whenvertical splitsarerestrictedto occuronly after
horizontalsplits arecompleted,BDTreeperformssimilarly as the
method of Segal et al. (2003). BDTree can also be applied to
domainsotherthancomputationalbiology, suchasclinical studies.
For example,themultivariateresponsesmaybea time-seriesobser-
vation of drug ef�cacies on patients,for which our methodcanbe
usedto identify thetime-dependentimpactof differentfactors.

There are several directions that this method may be exten-
ded. One problemwith the current implementationof BDTree is
that the splitting of genesor conditionsis strictly basedon attri-
butevalues.Sucha hardsplit may beundesirableconsideringthat
thereareinevitablenoisesin attributevalues:motif representations
may be inaccurate,expressionlevels of regulatorsare unreliable,
and normalizationmay introduceadditionalnoises.Furthermore,
the regressiontree learningalgorithm is essentiallygreedy, never
re-consideringa split that has beenmade. To circumvent these
problems,somefuzzy rules may be appliedto �nd soft splitting.
Look-aheadstrategiesmaybeusedto �nd globally bettertop-level
splits. Furthermore,someiterative strategies may be adoptedto
improve motif representations.Anotherproblemwith our approach
is that it canonly modelsimultaneouschangesbetweenregulators
andtargets,i.e., theexpressionlevels of regulatorshave to becor-
relatedor anti-correlatedwith thoseof the target genes.To allow
shiftedor reverselyshiftedcorrelationsto beidenti�ed, themethod
may include the expressionlevels of regulatorsat previous time
pointsasadditionalcolumnattributes.
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