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Abstract

Thecombinationof geneexpressiondataandgenomicsequencedatacanbeusedto helpdiscover
putative transcriptionfactor binding sites(TFBSs). Therearetwo major approachesto incorporating
expressiondatainto thediscovery of TFBS.The �rst approachclustersgeneexpressionpro�les to de-
terminesetsof co-expressedgenesin whichover representedsequencesaresought.A secondapproach
usesasingleexpressionexperimentandattemptsto determinewhichtranscriptionfactorsareinvolvedin
theexperiment[10, 4, 17, 6]. In this paper, we presentRIM-FINDER (RankImbalancedMotif Finder),
a novel approachto thediscovery of putative TFBSsfrom a singleexperimentor from any rankedlist
of genes.Ourmethoddiscoversall potentiallydegeneratemotifs in thesequenceswhicharestatistically
signi�cant with respectto their distribution in the rankedlist of genes,undereithera non-parametric
modelor a regressionmodel. We apply our methodto discover putative TFBSsusingcell stressre-
sponseexpressionandmutantexpressionin yeast.

Theprogramwill beavailablefor publicusevia a webserver at thetimeof publications.

1 Intr oduction

Both the availability of completegenomicsequencesandof genomewide expressiondataprovide anop-
portunityto analyzethegeneregulatorymechanismasa whole. Speci�cally, thecombinationof thesetwo
typesof datacanbeusedto helptheidenti�cation of putativetranscriptionfactorbindingsites(TFBSs).

Thereare two major approachesto incorporatingexpressiondata into the discovery of TFBS. The
�rst approachclustersgeneexpressionpro�les to determinesetsof co-expressedgenes.Thesegenesare
thensearchedfor transcriptionfactor binding siteswhich manifestthemselvesasmotifs upstreamof the
genes[1, 2, 13, 15]. A secondapproachusesa singleexpressionexperimentand attemptsto determine
whichtranscriptionfactorsareinvolvedin theexperiment[4,6, 10,17]. Theintuition is thatin eitherhighly
over expressedor highly underexpressedgenesthepromoterregionswill beenrichedwith themotifs that
correspondto TFBSs.

Thereareseveralrecentapproachesto incorporatinga singleexpressionexperimentinto motif �nding.
The �rst is the work of JensenandKnudsen,2000[10] wherea non-parametricapproachis presentedto
discovermotifsin theupstreamregionsof geneswhicharesigni�cantwith respectto therankingof thegenes
basedon expressionvaluesfor a singleexperiment.Bussemakeret. al. , 2001[4] presenttheREDUCER
algorithm[4] which introducestheconceptof motif regressionwherea linearmodelis assumedto underlie
theexpressiondataandthevariablesin thelinearmodelareindicatorvariablescorrespondingto thepresence
of speci�c motifs. REDUCERalso introducesthe notion of multiple motifs correlatedto an expression
experiment.Both the methodin JensenandKnudsen,2000[10] andREDUCERconsidermotifs asexact
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matchingwords. MOTIF-REGRESSOR,introducedin Conlonet. al. , 2003[6], alsoassumesa similar
linear modelto REDUCERbut improvesby beingableto �nd longermotifs andmotifs with degenerate
positions. MOTIF-REGRESSOR�rst identi�es candidatemotifs that areover representedin either the
mostover or underexpressedgenesandthenusesthecandidatesto �nd thebestmotifs thatcorrelatewith
expression.Thismethodis shown, in thesimulationexperimentsof Conlonet. al. , 2003[6], to �nd motifs
in practice,but doesnot give any guaranteesof �nding themostsigni�cant motifs. Anotherrelatedwork
is the approachof Keleset. al. , 2002[17] which alsoassumesa linearmodelover themotifs andusesa
featureselectionmethodto discover thebestmotifs.

In thispaperwepresent,RIM-FINDER(RankImbalanceMotif Finder),anovel approachto discovering
TFBS basedon a singleexpressionexperimentwhich improvesover the previous methods.The coreof
our approachis an algorithmicframework which allows us to ef�ciently performa completesearchover
degeneratemotifs anddiscover the mostsigni�cant with respectto the expressiondata. Unlike previous
methods,we guarantee�nding thebestdegeneratemotifs andwe employef�cient datastructuresto allow
searchcompletionin reasonabletime. In theAppendixweshow thatanappropriatelyformulatedversionof
theproblemis NP-Complete.

We generalizethe approachto abstractthe scoringfunction from the algorithm which allows us to
usethesamealgorithmto �nd signi�cant motifs with respectto a non-parametricmodelsimilar to Jensen
andKnudsen,2000[10] anda regressionmodelsimilar to REDUCER[4]1. For bothmodelswe compute

� -valuesfor thesigni�canceof eachmotif discovered.For thenon-parametricmodelswe computethe � -
valuesdirectly while for theregressionmodelswe computethe � -valuesusingstatisticalcharacteristicsof
thedata.We alsoshow how to discovermultiplemotifs for boththenon-parametricandregressionmodels.

We benchmarktheperformanceof thealgorithmover S.cerevisiaewherewe consider6000genesand
200bpupstreamregionsasthedataset.We wereableto exhaustively computepatternsupto length ��� with
a limited amountof degeneracy andupto 	 with a reasonableamountof degeneracy.

We appliedRIM-FINDER to yeaststressexpressiondataincluding: Heatshock,Sorbitol shock,Di-
amideshockand amino acid starvation. We discoveredvery signi�cant motifs, 3 of them commonto
moststressconditions.We hypothesizethat these3 motifs aremulti stressresponsive. This hypothesisis
con�rmed by the fact thatSTRE,which is oneof thesemotifs, hasbeenempiricallycon�rmed to induce
expressionundermulti stressconditions[12, 16].

Next, weappliedRIM-FINDER to expressionpro�les of yeastmutantsor of yeastcellsover-expressing
a certaingene;andsoughtto identify the TFBSsof the relatedTF's assigni�cant. For example,we ex-
pectSTRE,the binding site of MSN2, to be correlatedwith differentialexpressionbetweenMSN2 over-
expressingcellsandWT, sincethegenesregulatedby MSN2areexpectedto beover-expressedin theMSN2
over-expressingcells,andthereforeSTREto beover-representedin theover-expressedpromoters.In the4
differentcasesexamineda closevariantof theright TFBswasdiscoveredasoneof the10mostsigni�cant
notifs.

Theprogramwill beavailablefor publicusevia a webserverat thetimeof publications.

2 Motifs in ExpressionRankedSequences

In this sectionwe describetwo statisticalapproachesto evaluatingthe signi�canceof motifs, givengene
expressiondataand the correspondingpromoters. Both approaches,enablethe calculationof p-values,
which are relatedto the biological functionality of the motifs; thus, enablingthe selectionof only very
signi�cant motifs.

1We wish to point out that thereis a slight differencebetweenour regressionmodelandthemodelof MOTIF-REGRESSOR
whichwe furtherexplain in Section5.
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Symbol Meaning Origin of Description
A A Adenine
C C Cytosine
G G Guanine
T T Thymine
M A or C aMino
R A or G puRine
W A or T Weakinteraction(2 H bonds)
S C or G Stringinteraction(3 H bonds)
Y C or T pYrimidine
K G or T Keto
V A or C or G not-T(not-U),V follows U in alphabet
H A or C or T not-G,H follows G
D A or G or T not-C,D follows C
B C or G or T not-A, B follows A
N A or C or G or T aNy

Table1: IUPAC Alphabetfor NucleotideSequences

Thenon-parametricapproachevaluatesthe imbalanceof themotif occurrenceswith respectto expres-
sionbasedrankingof thegenes.Considera setof promotersrankedby their expressionlevels in a certain
experiment.If thetopor thebottomof this list is enrichedby promoterscontainingsomemotif thenthesaid
motif wouldbeconsideredsigni�cant with respectto thisexperiment.

The linear regressionbasedapproachevaluatesthe correlationbetweentheexpressionlevels of genes
and the numberof a motif's occurrencesin their promoters. Unlike the non-parametricapproach,this
approachnaturallytakesinto accountmorethanoneoccurrenceof themotif in eachpromoter. Moreover,
it alsoconsidersthe actualexpressionlevels of the genes,while the non-parametricapproachtakesinto
accountonly theirpositionin thelist.

In our approach,motifs arerepresentedby IUPAC patternsor patternswith degeneratesymbols.The
IUPAC alphabetis shown in Table1. Whensearchingfor thebestmotifs,weevaluateeverypossiblepattern
usingboth methods. In Section3, we presentan ef�cient algorithmthat allows us to performthe motif
searchin reasonabletime.

2.1 The Non-ParametricApproach

In orderto evaluatethesigni�canceof a motif, we �rst rankthegivenpromotersby their expressionsand
thenlabel the genesas follows: geneswhosepromoterscontainthe motif are labeledby '+1' while the
othersarelabeledby '-1'. Thereby, weconsidertheoccurrencesof themotifsin therankedlist of promoters
asa vector, 
 , over ��� , whichcapturestheessenceof thedistributionof theconsideredmotif with respect
to expression.If thegivenmotif correspondsto thebindingsiteof anactiveTF thatis relatedto thestudied
condition,thenthe'+1' sareexpectedto havedenserrepresentationin onesideof thevectorandthe'-1' s in
theotherside.On theotherhand,if themotif doesnotcorrespondto any activeTF, the'+1' sand'-1' swill
be interspersedthroughout
 . We canalsopredictthe functionof themotif from thedistributionof these
two signsin thevector:whenthe'+1' sareover represntedin thetop of thevectorwepredictthatthemotif
actsasanenhancerin theexperimentconditionandwhenthe'+1' sareover represntedin thebottomof the
vectorasa repressor.

Theminimumhypergeometricscore(mHG) is a naturalway to evaluatethe signi�canceof the given
motif, basedon partitionsof this occurrencesvector. It correspondsto the partition that bestdivides 


into a pre�x andsuf�x, suchthatbotharemaximallyhomogeneousin termsof thesymbolsthey contain.
Formally, themHGscoreof avector 
 is de�ned as:

mHG
�
���� min��� ����� HG 
�����
�� (1)
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where�� �! denotesa partitionof 
 into a pre�x � andasuf�x ! and
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(2)

where 1 
21 is the numberof genes,3 is the total numberof occurrencesof themotif or numberof '+1' s,
34� is thenumberof motifs in thepre�x � and 5 is thelengthof � .

TheHG scorerepresentstheprobability thatwhendrawing 5 objectswithout replacementfrom a col-
lectionof 3 '+1' sand 
7683 '-1' s, 34� or moreof theobjectsare'+1' s. mHG, therefore,representsthe
mostsigni�cantly unbalancedpartitionof 
 .

The � -valuesof themHG scorediffer from thehypergeometric(HG) scoresat which themHG value
is attained,sincewe mustadjustfor themultiple testsrepresentedby differentvectorpartitions.An upper
boundon the � -valueof any mHGlevel, canbeobtainedby multiplying it by thelengthof thevector, 1 
21 :

p-Val 
 mHG
�
����:9;�=<>1 
?1@9�A (3)

2.2 Motif RegressionModel

In thismodelweassumea linearrelationbetweentheexpressionlevel andthenumberof motif occurrences.
A motif is characterizedby its function, i.e, whetherit is a enhanceror repressorandby its in�uence, i.e.
how strongof an affect it hason the expressionlevel. We predict the propertiesof the motif by �tting
a linear regressionbetweenthe motif's occurrencesandthe expressionlevels. We evaluatethe statistical
signi�canceof amotif'scorrelationto expressionlevelsby calculatingap-valuefor thecorrelationbetween
themotif'soccurrencesandexpressionlevels.

Givenamotif B , we�rst �t alinearregressionto itsexpressionvalues,in orderto determineit' sfunction
andin�uence :

CED

�GFIHKJML)N�L

D

HPO

D

� (4)

where
CQD

is theexpressionlevel of geneR , N�L

D

is thenumberof occurrencesof B in thepromoterof gene
R and O

D

is thegenespeci�c error. Thebaselineexpressionof F andtheregressioncoef�cient J�L will be
estimatedfrom thedataasthecoef�cients of thebest�tting line obtainedby themethodof leastsquares.
Thesignof J'L allow us to hypothesizeaboutthe functionof the motif. If JSL is positive we predictthat
themotif actsasanenhancerandif it is negativeasa repressor. Thehigherthevaluefor JTL , thehigherthe
predictedin�uence of themotif. Wewill now describehow weestimatethebest�tting line, (i.e. J

L and F )
usingthethemethodof minimizing leastsquares.
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Pleasenotethat F and J'L areunknown coef�cients while all NTL

D

and
CED

valuesaregiven. To obtainthe
leastsquareerror, theunknown coef�cients F and J

L mustyield zero�rst derivatives.
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Expandingtheaboveequationsweobtain
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andtherefore
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All summationsin theabove derivationstandfor w

-

�

-

D

�hg

A;A;A .
To evaluatethestatisticalsigni�canceof a motif andits distributionin a rankedlist of genesweusethe

following theorem:

THEOREM Let 
.…†� g ��! gY‡ …†�
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‡ � be 5 independentsamplesfrom an independentbivariate
normaldistributionof two variables‰ and
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Then, •‘�

‹�’

5?6ju”“

’

�e6

‹

l

hasaStudent-tdistributionwith 5?6ju degreesof freedom[5].

Thus,we calculatethe correlationcoef�cient

‹

and the statistic • correspondingto a vectorof motif
occurrencesanda vectorof its correspondingexpressionvalues. Thenwe usethe appropriateStudent-t
distribution to calculatethesigni�canceof observingsucha correlation.Note thatwhen 1 
?1 is very large
we can usea normal approximation. Obviously, the bivariatenormal assumptionof the theoremis not
completelyvalid in our context. It is an approximation,however, andthe mostgeneralapproachwe can
take.

2.3 Multiple Motifs Model

Whenconsideringsetsof motifswe adjustthenon-parametricapproachto calculatep-valuesfor thesesets
by changingonly themannerin whichtheoccurrencevectoris calculated,while still usingmHGfor actual
scoring.In thepresentwork, we consideronly setsin which themotifshave only theunionor intersection
relationbetweenthem. Theunionrelationcorrespondsto eachof the TFBSsin thesetbeingsuf�cient to
inducetranscriptionby itself. Thus,ideally, givenasetof motifswith theunionrelationbetweenthem,each
genecontainingoneor moreof the motifs in its promoter, shouldbe over-expressedunderthe respective
condition. Theoccurrencesvectoris calculatedaccordingly:a promoteris replacedby '+1' if it contains
oneor moreof themotifsin thesetandby '-1' otherwise.Theintersectionrelationcorrespondsto all motifs
in thesetbeingnecessaryin orderto inducetranscription.In this casetheoccurrencesvectoris calculated
by replacinga promoterby '+1' only if it containsall motifs in thesetandby '-1' otherwise.

Wealsousetheregressionbasedapproachto identify signi�cant setsof motifs. Thisis doneby applying
astepwiseregressionprocessasfollows. beginwith anemptysetof motifs, 3•�:– , andwith theexpression
values

CQD

. In eachiterationaddthe mostsigni�cant motif to M; i.e. - the motif with themostsigni�cant
correlationp-value,providing that this signi�cancepassesa threshold.Updatetheexpressionvector

C
D

to
theresidualerrorby subtractingthecontributionsof this motif; that is: uponadding B with thecalculated
coef�cients F and J'L , for eachgeneR•—y
 update

CQD

to
CED

6˜
�FzHoJMLdN�L

D

� . The �nal setof motif is
attainedwhennomotif satis�esthesigni�cancethreshold.
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Thetwo above approachesareradicallydifferent.The�rst enablesthecalculationof anexactp-value.
However, it requiresprimary informationaboutthe relationsbetweenthe motifs. On the otherhand,this
informationis notneededusingthesecondapproach,but thep-valuecalculatedareonly for onemotif given
asetof others,i.e. atstepi+1 wecalculatethe � -valueof eachmotif, basedontheexpressionvaluesderived
by subtractingtheestimatedcontributionof eachof themotifsalreadyin 3 .

3 ExpressionMotif Finding Algorithm

Thecoreof theapproachis anef�cient algorithmfor performingthesearchthroughIUPAC patterns.For
eachIUPAC pattern,we determineexactly which sequencescontaininstancesof a given IUPAC pattern
andoncewe obtaintheinstances,we cancomputeeitherthemHG or regressionscores.Thealgorithmfor
performingthesearchis avariantof theSPELLERalgorithmdescribedin Sagot,1998[14].

Thealgorithmworkson two trie datastructures.A trie is a rootedtreewith eachedgelabeledwith a
singlesymbol.The�rst is thedatatrie whichcontainsa compressedrepresentationof thedata.Thesecond
is thepatterntrie whichrepresentsthespaceof patternsin thesearch.

Considerthesearchfor IUPAC patternsof length ™ . Thedatatrie is createdby consideringall substrings
in the dataof length ™ extractedby a sliding window. The datatrie is a rootedtreeof depth ™ with each
branchlabeledwith anucleotidesymbol š�›œ��•���
I�.ž Ÿ . Thelabelsalongthepathfrom therootof thetrie to
theleavescorrespondto thespeci�c ™ -mer. Eachleafof thetrie (depth™ ) correspondsto aspeci�c ™ -merand
containspointersto all occurancesof the ™ -merin thedata.Eachinternalnodecorrespondsto all ™ -mersin
thedatawhichcontainasa pre�x thepathfrom theroot to thenode.Thedatatrie canbethoughtof asan
index for thedata.By following a pathin thetrie, wecanef�ciently recover theoccurancesof any ™ -merof
interest.Thetrie is constructedasa preprocessingstepto themotif searchandcanbeconstructedin linear
timewith respectto thetotal lengthof thesequencedata.

Thepatterntrie corespondsto thespaceof IUPAC patterns.Thepatterntrie is a rootedtrie of maximum
depth ™ with eachbranchlabeledwith oneof the IUPAC symbolsin Table1. Eachleaf node(of depth ™ )
correspondsto theIUPAC patternof length ™ de�ned by thepathfrom therootof thepatterntrie to theleaf.
A nodein thepatterntrie correspondsto thenodein thedatatrie if thesubstringalongthepathfrom theroot
of thedatatrie to thedatatrie nodematchestheIUPAC patternalongthepathfrom theroot of thepattern
trie to thepatterntrie node.Wewill describebelow how weconstructthetreesothateachleafnodecontains
a pointerto eachleaf nodein thedatatrie wherethe ™ -mercorrespondingto thedatatrie leaf nodematches
the IUPAC patterncorrespondingto the patterntrie leaf node. Usingthesepointersandthepointersfrom
thedatatrie to the instancesof the ™ -mers,we canrecover all of theinstancesof substringscorresponding
to theIUPAC patternfrom thedata.Traversingtheentirepatterntrie andcheckingthesigni�canceof each
leafnodeis equivalentto performingthefull motif search.

Thepatterntrie is traversedandconstructedin a depth�rst manner. The patterntrie is a virtual trie,
i.e, only a singlebranchof thetreefrom theroot to thecurrentnodeis storedin memory. Eachnodein the
patterntrie containspointersto thecorrespondingnodesin thedatatrie at thesamedepth.Notethattheroot
of thepatterntrie containsa singlepointerto theroot of the datatrie. Thesetof pointersfor any nodein
thepatterntrie canbeef�ciently derivedfrom thesetof pointersfrom its parentnodeby followingall of the
valid symbolswith respectto thelastsymbolin thepatternfrom thenodespointedto by theparents.

Considerthe following examplewhere ™ �¡u . Initially, the patterntrie consistsof only a root node
pointing the root of the datatrie. As we start the depth�rst traversalof the patterntrie, we construct
the branchcorrespondingto › . The pointersfor this nodewill consistof a single pointer to the node
correspondingto › in thedatatrie since › is theonly symbolthatmatchestheIUPAC pattern.However, as
thesearchprogresses,we will endup following thebranch3 andin thatcasethepointerswill consistof
thesetpointingto nodescorrespondingto › and • .
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Sincein the traversalwe will only reachthe IUPAC patternsthat have at leastoneoccurrancein the
data,if weonly considerthepatternalphabetwithoutdegeneratesymbolsoursearchembodiesa lineartime
implementationof REDUCER.

Notethatfor thecompleteIUPAC patternspace,thenumberof leafnodesthatneedto betraversedis up-
perboundedby �;¢�£ which is impratical.However, in practice,thesybmolsthatcorrespondto ¤ nucleotides
( ¥e��¦€��§€��¨ ) arenot very usefulsincethey arecapturedin thecombinationof © andthesymbolsthatrep-
resentu nucleotides( 3:�ˆª���«o��N��

C

�Y¬ ). In practice,we do not needto searchover theentire ��� £ spaceof
patternssincea priori we know thatvery degeneratepatternsareunlikely to have biologicalmeaning.For
ourexperimentsweconsidertwo IUPAC alphabets,areduceddegeneratealphabetconsistingof thesymbols

šW›­�Y•��Y
z�.ž)�Y©cŸ anda full degeneratealphabetšW›­�Y•��Y
z�.žv��3G�Yª��Y«8�YN®�

C

�ˆ¯M�Y©4Ÿ . In bothcases,we allow
a maximumof ¤�{�° of thesymbolsin a givenpatternto bedegenerate.

Weextendthemethodto discovertandemmotifsor motifswhichhave twoconservedregionsof length ™

separatedby unconservedspacingof length 9 . For example,considermotifswith u regionsof ± nucleotides
separatedby 	 nucleotides.Often,TFBSshave this form sincetheTF's threedimensionalstructuredrives
it to bind in two locationswhichwill beconserved,interspacedby a region thatis not conservedsinceit is
not involved in the actualbinding. Theonly modi�cation we needto maketo the algorithmis that when
constructingthedatatrie,weslideawindow of lenth u�™;Hc9 andconstructthetrie outof substringsof length

u�™ representingtheconcatenationof thetwo conservedregionswith theunconservedspacingremoved.

3.1 Ef�cient Implementation

For eachIUPAC pattern,oncewehavea list of theinstancesof substringsthatcorrespondto thepattern,we
canuseEquations(1) and(3) to computethesigni�canceof themotif underthenon-parametricmodeland
theprocessdescribedatsubsection2.2to computethesigni�canceof themotif undertheregressionmodel.

For thenon-parametricmodel,thecomputationof the � -valuecanbevery expensive. This is because
for any partition, we needto computethe hyper-geometricscorewhich involves a large summationof
combinationoperators. Sincewe needto computethis scorefor every partition, this can becomevery
expensive. We usethe following techniquesto speedup the summation.We precomputethe valuesfor
factorialup to 1 
21 andusethesevaluesfor computingthe combinationoperatorsfor the hypergeometric
scores.Sincethe HG scoreis a sumof positive values,we terminatethe summationoncewe areabove
the threshold.This givesa signi�cant savings in computationaltime becausefor the vastmajority of the
motifs andpartitions,the summationis above the thresholdafter computingjust the �rst term. We also
don't computethetail of thesumif we candeterminethat its affect on the�nal scoreis below thelevel of
precisionwearereporting.

For theregressionmodel,we canprecomputethequantities
w

D

CED

and \

w

D

CQD;`

l duringpreprocessing
sincethey areconstantfor everymotif.

4 Biological Experiments

To discover new TFBSsactiveunderstressconditions,we appliedRIM-FINDER to yeaststressexpression
data[8]. Sincemany of the motifs werediscoveredmany differenttimeswith only slight variations,we
�ltered by removing from thelist any motif thathasa strongermotif within a Hammingdistanceof 2.

Figure1 representsthe5 strongestmotifsdiscoveredin eachstresscondition.It showsthatverysignif-
icantmotifs arediscoveredandthat thereis a goodagreementbetweenthescoresof the two differentap-
proaches,i.e. themHGscoreof thenon-parametricapproachandthep-valueof theregressionmodel.Some
motifs,e.g: GGGGA(STRE),AAATTTT, andGATGAG, appearwith only smallvariationsin moststress
conditions. STREis the well known multi-stressresponsive elementin yeast. Togetherwith AAATTTT
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it hasbeenreported,by previous studies,to be signi�cantly correlatedwith expressionor have suchvery
closevariantin cell cycle [10, 3], andin aminoacidstarvation[6]. GATGAG wasalsoreportedbeforeto be
signi�cantly correlatedwith expressionor have suchvery closevariantin cell cycle [3] andin aminoacid
starvation [6]. The fact that these3 motifs aresigni�cant in many differentstressconditionsdrivesus to
hypothesizethat they actasmulti stressresponsive elements,a hypothesisfurtherstrengthenedby thefact
thatSTREhasbeenempiricallycon�rmed to induceexpressionundermulti stressconditions[12, 16].

Thehypothesizedfunctionsof thedifferentmotifs found,thatis, whetherthey actasinducersor repres-
sors,arealsoreportedin Figure1. We hypothesizethat a motif actsasan inducerif it hasa positive J�L

andit is over representedat thetop of theexpressionrankedlist of promoters.On theotherhand,if it has
a negative J L andit is over representedat thebottomof thelist, we hypothesizethatit actsasa repressor.
Figure1 showsthatthereis a goodagreementbetweenthesetwo indicationsof function.

Next, weappliedRIM-FINDER to expressionpro�les of yeastmutantsor of yeastcellsover-expressing
a certaingene.We soughtto identify theTFBSsof therelatedTF's assigni�cant. The10 strongestmotifs
discovered,for eachsuchpro�le aredescribedby Figure2.

GCN4andSTE12arebothpositiveregulatorsof transcriptionin yeast.We foundclosevariantsof their
known bindingsitesin in thelist of the10 strongestmotifsdiscoveredin their mutants:TGASTMA which
is verysimilar to TGANT thebindingsiteof GCN4wasfoundasmostsigni�cant in GCN4mutants,while,
TGMAACR which very closeto TGAAACA the known binding site of STE12,wasfound to be the 8th
mostsigni�cant motif in STE12mutants.Moreover, asexpected,boththesemotifswereover-representedat
thebottomof theexpressionranklist with anegative J�L . Wehypothesizethatthereasonfor these�ndings,
is thatmany of thegenesregulatedby theseenhancersareunder-expressedin theirmutants,therebymaking
their correspondingTFBSover-representedin lowly expressedpromoters.

MSN2 inducestranscriptionin yeast,while ROX1 repressesit. In theMSN2 over-expressingcellswe
foundCCCSTwhich is very similar to CCCCT, thecomplimentsequenceof STRE,theknown bindingsite
of MSN2, asthe secondstrongestmotif. CCCSTwasover-representedin the top of the expressionrank
list with a positive J'L . In ROX1 mutantswe found a variantof ROX1 binding site: ATTGTY which is
closeto YYNATTGTTY asthesecondstrongestmotif. However, this time,thismotif wasover-represented
in thebottomwith a negative J'L . These�ndings areconsistentwith our expectations:sinceMSN2 is an
enhancer, in theMSN2over-expressingcellswe expectthegenesregulatedby MSN2to beover-expressed
therebymakingSTREover-representedin thehighly expressedpromoters;on the�ip side,sinceROX1 is a
repressor, in theROX1 over-expressingcellsweexpectthegenesregulatedby ROX1 to beunder-expressed
thereby, makingROX1 bindingsiteover-representedin thelow expressionpromoters.
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Stress. Motif Sequence. Log of mHG. ² -Statistic Log of the Motif 's Edgeof Motif 's
Of The p-value ³�´�µ TheList Hypothesized
Correlation. of the In Which Function.

correlation. TheMotif
Is Over-
Represented

HeatShock05min. MGATGAG -57 -15.8 -55 -0.64 Bottom Repressor
AAATTTT -43 -15.14 -52 -0.43 Bottom Repressor
CTCATCK -33 -11.8 -31 -0.49 Bottom Repressor
RGGGG -27 13.61 -41 0.33 Top Enhancer
WAAGGR -22 9.23 -20 0.16 Top Enhancer

SorbitolShock10min. AAAATTT -65 -18 -70 -0.44 Bottom Repressor
MSATGAG -34 -15.4 -52 -0.52 Bottom Repressor
SKCATCG -24 -11.6 -30 -0.5 Bottom Repressor
WRGGG -20 12 -32 0.15 Top Enhancer

Amino Acid Starvation1hr. AAATTTY -38 -11 -28 -0.2 Bottom Repressor
YRTATAA -27 9.55 -21 0.17 Top Enhancer
CGATGMS -21 -8 -15 -0.31 Bottom Repressor
TGAAWARA -19 -4.4 -5 -0.11 Bottom Repressor
YNNKNC -19 -2.7 -4 -0.006 Bottom Repressor

DiamideShock10 min. AAAATTT -73 -17 -63 -0.42 Bottom Repressor
MGATGAG -72 -19.4 -81 -0.7 Bottom Repressor
CTCATCK -43 -15 -50 -0.53 Bottom Repressor
GCGMTS -29 -10.38 -25 -0.32 Bottom Repressor
RGGGR -28 14.8 -48 0.17 Top Enhancer

Figure1: Motifs thatin�uence geneexpressionunderdifferentenvironmentalstressconditions.

5 Summary and Discussion

We have presenteda new algorithmicapproachto discoveringmotifs thataresigni�cant with respectto a
singlegeneexpressionmeasurementassayor to any otherorderon genes,by evaluatingmotifs basedon
botharegressionmodelanda non-parametricmodelandassigning� -valuesfor thesign�canceof motifs in
bothmodels.Ourapproachguaranteesthediscoveryof themostsigni�cant degeneratemotifs,anadvantage
over previousmethodssuchasREDUCERor MOTIF-REGRESSOR.

A fundamentaldifferencebetweenthe regressionmodelpresentedhere(equivalentto the REDUCER
motif model)andtheMOTIF-REGRESSORmotif modelis thatourmodelassumesthepresenceor absense
of a motif is a discreteeventwhile theMOTIF-REGRESSORassignsa scorewhichdependson how many
motif matchesthereareandthestrengthof thosematches.Thereareadvantagesanddisadvantagesto each
approach.SinceMOTIF-REGRESSORallows for softermatches,it maybea morerobustmodel. On the
otherhand,sincein our modelwe canquantify the exact numberof motifs, we canmoreeasilyestimate
p-valuesandcorrectfor multiplehypothesistesting.

We appliedour methodsto yeastexpressiondatawhereknown motifs andputative novel motifs were
identi�ed.
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Appendix

A Computational Complexity

In orderto identify new activeTF bindingsites,weseekfor motifswith signi�cant mHG.In thissectionwe
prove thattheprobleminvolvedin this taskis NP-complete. We dosoby showing thatthedecisionversion
of this problem,theRANK IMBALANCED MOTIFS, is alsoNP-complete. We startby introducingsome
notationsfollowing LinhartandShamir[11].

Let · denotea �nite �x edalphabet.In thecaseof DNA sequences,·y�7šW›­�Y•��Y
z�YždŸ . A degenerated
motif is a string ¸ with severalpossiblecharactersat eachposition,i.e., ¸>�

�

g

�

l

A[A;A

�M¹ , where�

%•º

· (a
motif over theIUPAC alphabetis any degeneratedmotif over šW›­�Y•��Y
z�.ž Ÿ ). A string No�‚9”g�9

l

A[A;A†9

£

�ˆ9

%

—

· matchesthedegeneratedmotif ¸ , if it containsa sub-stringthatcanbeextractedfrom ¸ by selectinga
characterat eachposition,i.e. »�¼•��{4<>¼P<½™"6n¾ suchthat ¿SÀ��;�€<ÁÀ­<Á¾��ˆ9VÂZÃ

%

—

�

% . For example,the
motif ¸

�

�ÄšW›ÅŸ�š;•��Y
0Ÿ”šW›œ�.žd�.
0Ÿ matchesthe stringTGAGAGTC startingfrom the third position. The
degeneracyof ¸ is ÆS
~¸ ���:Ç

¹

%

�hg

1

�

%

1 . For example,Æ�
�¸

�

���GÈ .
Recall that the functionality of a motif is relatedto the mHG of its correspondingoccurencevector,

givenanexpressionrankedlist of promoters.For a degeneratedmotif this vectoris simply calculatedby
replacingstringsthatmatchthemotif by '+1' andtheothersby '-1'.

Therefore,the computationalproblemof discoveringnew TF-bindingsites,is relatedto the following
decisionproblem.

PROBLEM1 (RANK IMBALANCED MOTIFS (RIMS)) Given a rankedset of 5 strings, ª , over an
alphabet· , integers ™ , Æ anda constant� ; is therea degeneratedmotif ¸ of length ™ , suchthat ÆS
~¸ �œÉ7Æ

andsuchthatit' scorrespondingvectorwith respectto ª , hasa mHG <

�

THEOREM RIMS is NP-completefor 1@·œ1•Éy¤ . We show this by showing areductionfrom theSet-Cover
problem,sincewe could not �nd any simple reductionfrom any of the 3 basicNP-Completeproblems
representedby LinhartandShamir[11].

However, two specialcaseswherethe problemis solvablein polynomialtime, shouldbepointedout.
The �rst is where Æ4�¡� , andwhereall the possiblesolutionsaresub-stringsof the data. Thesecondis
wherethemotif length( ™ ) is constant,andtherefore,thenumberof possiblesolutionsis alsoconstantbeing

u

- Ê�-

£ . In thatcase,onecansolve theproblemin time linearin thesizeof thedata,by calculatingthescore
of eachof themotifs.

A.1 Reductionfr om Set-Cover

We usethe vectorrepresentationof the setcover problem: considea setof subsetsšW9,gV��9

l

A[A;A.9

#

Ÿ of the
universalset ËÌ�¡š,���ˆuE�;A[AVA�B€Ÿ . Eachsubsetis representedby a vectorof length B , andthe À th cell of

¥QÂ equals1 iff Àd—Í9ÎÂ and0 otherwise.We seekthesmallestsubsetž , of vectors,suchthateachposition
between� to B is coveredby at leastoneof thevectorsin ž . In thedesicionversionwe wantto determine
whethersuchcover of cardinality ¾ exists.

1. Let ·P�‚š�{E�;���ˆ¤•Ÿ .
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2. Let 3•�:Ï”gÐA;A[A†Ï

# bea matrix,whosecolumnsarethegivenvectorsof theset-coverproblem.

3. Let F be a sequenceconsistingof all the rows in 3 chainedtogether, with the symbol3 between
them.

4. Let ÑI�G¤�{

#

Ã

l

¤=ÒvFIÒ=¤�{

#

and Jc�yÑ�Ò=¤ .

5. Let ªy�‚š;J®ŸmÓ€š;Ñ"Ÿ andlet J berankedbeforeÑ in ª .

6. Setl=n+2.

7. Set Æœ�•± Ž ¤•Ô

#

/

¹ˆÕ

8. Set�

�G{EAÖ¢

A.2 Correctnessof the reduction

We now show, thatthereis a ¾ cover iff thereis a motif ¸ of length ™ and Æ�
�¸ �eÉnÆ with scoresmallerthan
1. Thecorrectnessis basedon the fact that if Ï?�×
~H���H � , its mHG is 1. While, if Ï?�×
�H��[6v� it' s mHG
is0.5.

The�rst direction: Givena ¾ cover, ¸ is themotif of length 5zHnu startingandendingwith …†¤E�[� ‡ and
having 0sin thepositionscorrespondingto thecover and …p{E�;���ˆ¤

‡ elsewhere.Thismotif occursin J but not
in Ñ (it occursin ¤”{

#

¤ anddoesnot occurin F ) by construction.
Theseconddirection:assumingthatamotif of length 5�H0u , anddegeneracy ÉPÆ gotscoresof 0.5.Then,

it mustoccurin J in ¤�{

#

¤ andit muststartandendwith …p¤
‡ or …†¤Q�;�

‡ , otherwiseit would occurin ¤�{

#

Ã

l

¤

andtherefore,in Ñ . Sinceit hasa degeneracy ÉP±
Ž

¤EÔ

#

/

¹ˆÕ

it cannothave morethan ¾ zeros.Moreover, it is
easyto show thatsincethismotif doesnotoccurin F its zerosmustcorrespondto a ¾ cover.
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