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Abstract

The combinationof geneexpressiondataandgenomicsequencelatacanbe usedto help discover
putatie transcriptionfactor binding sites(TFBSs). Therearetwo major approacheso incorporating
expressiordatainto the discovery of TFBS. The rst approactclustersgeneexpressiorpro les to de-
terminesetsof co-expressedyenedn which over representedequencearesought.A secondapproach
usesasingleexpressiorexperimentandattemptgo determinevhichtranscriptiorfactorsareinvolvedin
theexperiment[104, 17, 6]. In this paperwe presenRIM-FINDER (RankImbalancedviotif Finder),
anovel approacho the discovery of putatve TFBSsfrom a singleexperimentor from ary rankedlist
of genesOur methoddiscoversall potentiallydegeneratenotifsin the sequencewhich arestatistically
signi cant with respecto their distribution in the rankedlist of genes,undereithera non-parametric
modelor a regressionmodel. We apply our methodto discover putatve TFBSsusing cell stressre-
sponseaxpressiorandmutantexpressiorin yeast.

Theprogramwill beavailablefor publicusevia awebserer atthetime of publications.

1 Intr oduction

Both the availability of completegenomicsequenceandof genomewide expressiondataprovide an op-
portunityto analyzethe generegulatorymechanisnasa whole. Speci cally, the combinatiornof thesetwo
typesof datacanbeusedto helptheidenti cation of putative transcriptiorfactorbindingsites(TFBSSs).

Thereare two major approacheso incorporatingexpressiondatainto the discovery of TFBS. The
rst approachclustersgeneexpressionpro les to determinesetsof co-expressedyenes. Thesegenesare
thensearchedor transcriptionfactor binding siteswhich manifestthemseles as motifs upstreanof the
genes[12, 13, 15]. A secondapproachusesa single expressionexperimentand attemptsto determine
which transcriptiorfactorsareinvolvedin theexperiment[4,6, 10,17]. Theintuition is thatin eitherhighly
over expressedar highly underexpressedjeneshe promoterregionswill be enrichedwith the motifs that
correspondo TFBSs.

Thereareseveralrecentapproachefo incorporatinga singleexpressionexperimentinto motif nding.
The rst is the work of Jenserand Knudsen,2000[1(Q wherea non-parametri@pproachis presentedo
discorermotifsin theupstreanmegionsof genesvhicharesigni cant with respecto therankingof thegenes
basedon expressiornvaluesfor a singleexperiment. Bussemakeet. al. , 2001[4 presenthe REDUCER
algorithm[4 which introduceghe concepiof motif regressionwherea linearmodelis assumedo underlie
theexpressiordataandthevariablesn thelinearmodelareindicatorvariablescorrespondingp thepresence
of speci ¢ motifs. REDUCERalsointroducesthe notion of multiple motifs correlatedto an expression
experiment. Both the methodin JenserandKnudsen,2000[1Q andREDUCERconsidermotifs as exact

ComputerScienceDept., Technion(chaya@cs.t echni on.ac .i |).
Schoolof ComputerScienceandEngineeringHebreav University Jerusalemisrael(eeskin@c s. huj i. ac.il ).
Agilent LaboratoriesndComputerScienceDept., Technion(zohar _yakhini@a gil ent. com)



matchingwords. MOTIF-REGRESSORIintroducedin Conlonet. al. , 2003[g, alsoassumes similar
linear modelto REDUCERbut improvesby beingableto nd longermotifs and motifs with degenerate
positions. MOTIF-REGRESSORIst identi es candidatemotifs that are over representedn eitherthe
mostover or underexpressedjenesandthenusesthe candidateso nd the bestmotifs thatcorrelatewith
expression.This methodis shavn, in the simulationexperimentof Conlonet. al. , 2003[g, to nd motifs
in practice,but doesnot give ary guaranteesf nding the mostsigni cant motifs. Anotherrelatedwork
is the approaclof Keleset. al. , 2002[17 which alsoassumes linear modelover the motifs andusesa
featureselectiormethodto discover the bestmotifs.

In thispapemwe presentRIM-FINDER (RankimbalanceMotif Finder),anovel approacho discovering
TFBS basedon a single expressionexperimentwhich improves over the previous methods. The core of
our approachs an algorithmicframevork which allows us to efciently performa completesearchover
degeneratemotifs and discover the mostsigni cant with respecto the expressiondata. Unlike previous
methodswe guaranteending the bestdegeneratemotifs andwe employef cient datastructurego allow
searclcompletionin reasonabléme. In the Appendixwe shav thatanappropriatelfformulatedversionof
the problemis NP-Complete.

We generalizethe approachto abstractthe scoringfunction from the algorithm which allows us to
usethe samealgorithmto nd signi cant motifs with respecto a non-parametrienodelsimilar to Jensen
andKnudsen,2000[1Q anda regressionmodelsimilar to REDUCER[4}. For both modelswe compute

-valuesfor the signi cance of eachmotif discovered. For the non-parametrienodelswe computethe -
valuesdirectly while for the regressiormodelswe computethe -valuesusingstatisticalcharacteristicef
thedata.We alsoshowv how to discover multiple motifs for boththe non-parametriandregressiormodels.

We benchmarkhe performancef the algorithmover S.cervisiaewherewe consider6000genesand
200bpupstreanregionsasthe dataset.We wereableto exhaustvely computepatternsupto length  with
alimited amountof degenerag andupto with areasonablamountof degeneray.

We appliedRIM-FINDER to yeaststressexpressiondataincluding: Heatshock, Sorbitol shock, Di-
amide shockand amino acid stanation. We discoveredvery signi cant motifs, 3 of them commonto
moststressconditions. We hypothesizeéhatthese3 motifs aremulti stressresponsie. This hypothesids
con rmed by the fact that STRE,which is one of thesemotifs, hasbeenempirically con rmed to induce
expressiorundermulti stressconditions[12, 16.

Next, we appliedRIM-FINDER to expressiorpro les of yeastmutantsor of yeasicellsover-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-
expressingellsandWT, sincethegenegsegulatedoy MSN2 areexpectedo beover-expressedn theMSN2
overexpressingcells,andthereforeSTREto be overrepresenteih the over-expressegromotersin the4
differentcasesxamineda closevariantof theright TFBswasdiscoveredasoneof the 10 mostsigni cant
notifs.

Theprogramwill beavailablefor public usevia a webserer atthetime of publications.

2 Motifs in ExpressionRanked Sequences

In this sectionwe describetwo statisticalapproacheso evaluatingthe signi cance of motifs, givengene
expressiondataand the correspondingoromoters. Both approachesenablethe calculationof p-values,
which arerelatedto the biological functionality of the motifs; thus, enablingthe selectionof only very
signi cant motifs.

we wish to point out that thereis a slight differencebetweerour regressionmodelandthe modelof MOTIF-REGRESSOR
whichwe furtherexplainin Section5.



Symbol Meaning Origin of Description
A A Adenine
C C Cytosine
G G Guanine
T T Thymine
M AorC aMino
R AorG puRine
W AorT Weakinteraction(2 H bonds)
S CorG Stringinteraction(3 H bonds)
Y CorT pYrimidine
K GorT Keto
\% AorCorG not-T (not-U), V follows U in alphabet
H AorCorT not-G,H follows G
D AorGorT not-C,D follows C
B CorGorT not-A, B follows A
N AorCorGorT aNy

Tablel: IUPAC Alphabetfor NucleotideSequences

Thenon-parametri@pproactevaluateshe imbalanceof the motif occurrencesvith respecto expres-
sionbasedankingof the genes.Considera setof promotergankedby their expressiorlevelsin a certain
experiment.If thetop or thebottomof thislist is enrichedby promotersontainingsomemotif thenthesaid
motif would be consideredigni cant with respecto this experiment.

Thelinear regressionbasedapproachevaluateghe correlationbetweenthe expressionevels of genes
and the numberof a motif's occurrencesn their promoters. Unlike the non-parametri@approach this
approachaturallytakesinto accountmorethanoneoccurrenceof the motif in eachpromoter Moreover,
it alsoconsidershe actualexpressionlevels of the geneswhile the non-parametri@pproachtakesinto
accounbnly their positionin thelist.

In our approachmotifs arerepresentethy IUPAC patternsor patternswith degeneratesymbols. The
IUPAC alphabets shavnin Table1l. Whensearchindor thebestmotifs, we evaluateevery possiblepattern
using both methods. In Section3, we presentan ef cient algorithmthatallows usto performthe motif
searchn reasonabléme.

2.1 The Non-Parametric Approach

In orderto evaluatethe signi canceof a motif, we rst rankthe givenpromotersbhy their expressionand
thenlabel the genesasfollows: geneswhosepromoterscontainthe motif arelabeledby '+1' while the
othersarelabeledby '-1'. Therebywe considetheoccurrencesf themotifsin therankedist of promoters
asavector ,over ,whichcapturegheessencef thedistributionof theconsiderednotif with respect
to expressionlIf the givenmotif corresponds$o the bindingsite of anactive TF thatis relatedto the studied
condition,thenthe'+1' sareexpectedo have denserepresentatioin onesideof thevectorandthe'-1'sin
theotherside.On theotherhand,if themotif doesnotcorrespondo ary actve TF, the'+1'sand'-1' swill
beinterspersedhroughout . We canalsopredictthe functionof the motif from the distribution of these
two signsin thevector:whenthe'+1' sareover represntedn thetop of the vectorwe predictthatthe motif
actsasanenhancein the experimentconditionandwhenthe'+1's areover represntedn the bottomof the
vectorasarepressar

The minimumhypergeometricscore(mHG) is a naturalway to evaluatethe signi cance of the given
motif, basedon partitionsof this occurrencevector It correspondso the partition that bestdivides
into apre x andsufx, suchthatbotharemaximallyhomogeneous termsof the symbolsthey contain.
Formally, themHG scoreof avector is de nedas:

mHG min HG 1)



where  denotespartitionof intoaprex andasufx and
HG _ 2

where isthenumberof genes, is thetotal numberof occurrence®f the motif or numberof '+1's,

is thenumberof motifsin thepre x and is thelengthof

TheHG scorerepresentshe probability thatwhendraving  objectswithout replacementrom a col-
lectionof '+1'sand -1's, or moreof theobjectsare'+1's. mHG, thereforeyepresentshe
mostsigni cantly unbalancegbartition of

The -valuesof the mHG scorediffer from the hypergeometrigHG) scoresat which the mHG value
is attained sincewe mustadjustfor the multiple testsrepresentedy differentvectorpartitions. An upper
boundonthe -valueof ary mHG level, canbeobtainedoy multiplying it by thelengthof the vector

p-Val mHG (3)

2.2 Motif RegressionModel

In thismodelwe assuma linearrelationbetweertheexpressiorlevel andthe numberof motif occurrences.
A motif is characterizedby its function,i.e, whetherit is a enhanceor repressoandby its in uence, i.e.
how strongof an affect it hason the expressionlevel. We predictthe propertiesof the motif by tting
a linear regressionbetweenthe motif's occurrencesndthe expressionlevels. We evaluatethe statistical
signi canceof amotif's correlationto expressiorievelsby calculatinga p-valuefor thecorrelationbetween
themotif's occurrenceandexpressiorievels.

Givenamotif ,we rst t alinearregressiorto its expressiorvaluesjn orderto determinet' sfunction
andin uence:

(4)

where is theexpressiorievel of gene is thenumberof occurrencesf in the promoterof gene

and isthegenespeci c error. The baselineexpressionof andtheregressioncoefcient will be
estimatedrom the dataasthe coefcients of the best tting line obtainedby the methodof leastsquares.
The sign of allow usto hypothesizeaboutthe function of the motif. If is positive we predictthat
themotif actsasanenhanceandif it is negative asarepressarThehigherthevaluefor , thehigherthe
predictedn uence of themotif. We will now describéhow we estimatehebest tting line,(i.e.  and )
usingthethe methodof minimizingleastsquares.

Giventhedata , the tting line has

squareerroror residualerrorgivenby

®)
Pleasenotethat and  areunknown coefcients while all and valuesaregiven. To obtainthe
leastsquareerror, theunknowvn coefcients and  mustyield zero rst derivatives.

(6)



Expandingheabore equationsve obtain

(7)

andtherefore

(8)

All summationsn theabove derivationstandfor
To evaluatethe statisticalsigni canceof a motif andits distributionin arankedlist of genesve usethe
following theorem:

THEOREM Let be independensampledrom anindependenbivariate
normaldistributionof two variables and . Let and betherespectie averagevaluesfor thevectors
X andy. Set

9)
Then, hasa Student-distributionwith degreesof freedom[5].

Thus, we calculatethe correlationcoefcient  andthe statistic correspondingo a vector of motif
occurrencesind a vector of its correspondingxpressionvalues. Thenwe usethe appropriateStudent-t
distribution to calculatethe signi cance of observingsucha correlation. Note thatwhen  is very large
we can usea normal approximation. Obviously, the bivariatenormal assumptiorof the theoremis not
completelyvalid in our context. It is an approximationhowever, andthe mostgeneralapproachwe can
take.

2.3 Multiple Motifs Model

Whenconsideringsetsof motifs we adjustthe non-parametri@pproactto calculatep-valuesfor thesesets
by changingonly the manneiin whichthe occurrencevectoris calculatedwhile still usingmHG for actual
scoring.In the presenwork, we consideronly setsin which the motifs have only the unionor intersection
relationbetweerthem. The unionrelationcorrespondso eachof the TFBSsin the setbeingsufcient to
inducetranscriptiorby itself. Thus,ideally, givena setof motifswith theunionrelationbetweerthem,each
genecontainingoneor more of the motifs in its promotey shouldbe overexpressedinderthe respectie
condition. The occurrencesectoris calculatedaccordingly:a promoteris replacedoy '+1' if it contains
oneor moreof themotifsin thesetandby '-1' otherwise.Theintersectiorrelationcorrespond$o all motifs
in the setbeingnecessaryn orderto inducetranscription.In this casethe occurrencesectoris calculated
by replacinga promoterby '+1' only if it containsall motifsin thesetandby '-1' otherwise.

We alsousetheregressiorbasedapproacho identify signi cant setsof motifs. Thisis doneby applying
astepwisaegressiorprocesasfollows. beginwith anemptysetof motifs, , andwith theexpression
values . In eachiterationaddthe mostsigni cant motif to M; i.e. - the motif with the mostsigni cant
correlationp-value,providing thatthis signi cance passes threshold.Updatethe expressiornvector  to
theresidualerror by subtractinghe contributionsof this motif; thatis: uponadding with the calculated
coefcients and , for eachgene update to . The nal setof motif is
attainedvhenno motif satis esthesigni cancethreshold.



Thetwo abore approacheareradicallydifferent. The rst enabledhe calculationof an exactp-value.
However, it requiresprimary informationaboutthe relationsbetweenthe motifs. On the otherhand,this
informationis notneededisingthe secondapproachbut the p-valuecalculatedareonly for onemotif given
asetof othersj.e. atstepi+1 we calculatethe -valueof eachmotif, basedntheexpressiorvaluesderived
by subtractinghe estimatectontribution of eachof the motifs alreadyin

3 ExpressionMotif Finding Algorithm

The coreof the approachs anefcient algorithmfor performingthe searchthroughlUPAC patterns.For
eachlUPAC pattern,we determineexactly which sequencesontaininstancef a given IUPAC pattern
andoncewe obtaintheinstancesywe cancomputeeitherthe mHG or regressiorscores.The algorithmfor
performingthe searchs avariantof the SPELLERalgorithmdescribedn Sagot,1998[14.

Thealgorithmworks on two trie datastructures.A trie is arootedtreewith eachedgelabeledwith a
singlesymbol.The rst is thedatatrie which containsa compressedepresentationf thedata.The second
is the patterntrie whichrepresentshe spaceof patternsn thesearch.

Considetthesearclfor IUPAC patternof length . Thedatatrie is createdy consideringall substrings
in the dataof length extractedby a sliding window. The datatrie is a rootedtreeof depth with each
branchlabeledwith anucleotidesymbol . Thelabelsalongthe pathfrom therootof thetrie to
theleavescorrespondo thespeci ¢ -mer Eachleafof thetrie (depth ) correspondso aspeci ¢ -merand
containgpointersto all occurancesf the -merin the data. Eachinternalnodecorrespondso all -mersin
the datawhich containasapre x the pathfrom therootto the node. The datatrie canbe thoughtof asan
index for thedata.By following a pathin thetrie, we canefciently recoertheoccurancesf ary -merof
interest.Thetrie is constructedisa preprocessingtepto the motif searchandcanbe constructedn linear
time with respecto thetotal lengthof the sequencelata.

Thepatterntrie corespondto thespaceof IUPAC patterns.Thepatterntrie is arootedtrie of maximum
depth with eachbranchlabeledwith oneof the [UPAC symbolsin Table1. Eachleaf node(of depth )
corresponds$o the [IUPAC patternof length de ned by the pathfrom theroot of the patterntrie to theleaf.
A nodein thepatterrtrie corresponds thenodein thedatatrie if thesubstringalongthepathfrom theroot
of the datatrie to the datatrie nodematcheghe IUPAC patternalongthe pathfrom theroot of the pattern
trie to thepatterntrie node.We will describebelon how we constructhetreesothateachieafnodecontains
apointerto eachleaf nodein the datatrie wherethe -mercorrespondingo thedatatrie leaf nodematches
the IUPAC patterncorrespondindo the patterntrie leaf node. Using thesepointersandthe pointersfrom
the datatrie to theinstance®f the -mers,we canrecover all of theinstance®f substringsorresponding
to the IUPAC patternfrom the data. Traversingthe entirepatterntrie andcheckingthe signi canceof each
leafnodeis equialentto performingthefull motif search.

The patterntrie is traversedandconstructedn a depth rst manner The patterntrie is a virtual trie,
i.e, only a singlebranchof thetreefrom therootto the currentnodeis storedin memory Eachnodein the
patterntrie containgointergo thecorrespondingiodesn thedatatrie atthe samedepth.Notethattheroot
of the patterntrie containsa single pointerto theroot of the datatrie. The setof pointersfor ary nodein
thepatterntrie canbeef ciently derivedfrom thesetof pointersfrom its parentnodeby following all of the
valid symbolswith respecto thelastsymbolin the patternfrom the nodespointedto by the parents.

Considerthe following examplewhere . Initially, the patterntrie consistsof only a root node
pointing the root of the datatrie. As we startthe depth rst traversalof the patterntrie, we construct
the branchcorrespondingo . The pointersfor this nodewill consistof a single pointerto the node
correspondingo in thedatatrie since istheonly symbolthatmatcheghe [lUPAC pattern.However, as
the searchprogressesye will endup following the branch  andin that casethe pointerswill consistof
the setpointingto nodescorrespondingo  and



Sincein thetraversalwe will only reachthe IUPAC patternsthat have at leastone occurrancen the
data,if we only consideithepatternalphabetvithoutdegeneratesymbolsour searchrembodies lineartime
implementatiorof REDUCER.

Notethatfor thecompletd UPAC patternspacethenumberof leafnodeghatneedo betraverseds up-
perboundedoy  whichis impratical. However, in practice the sybmolsthatcorrespondo nucleotides
( ) arenotvery usefulsincethey arecapturedn thecombinationof — andthe symbolsthatrep-
resent nucleotideg ). In practice we do not needto searchovertheentire  spaceof
patternssincea priori we know thatvery degeneratgatternsareunlikely to have biological meaning.For
ourexperimentsve considetwo I[UPAC alphabetsareducediegeneratalphabetonsistingdf thesymbols

andafull degeneratalphabet . In bothcasesyve allow
amaximumof of thesymbolsin a givenpatternto be degenerate.

We extendthemethodto discovertandemmotifs or motifswhich have two conseredregionsof length
separatethy unconseredspacingof length . For example,considemotifswith regionsof nucleotides
separatethy nucleotides Often, TFBSshave this form sincethe TF's threedimensionaktructuredrives
it to bind in two locationswhichwill be consered,interspacedby aregion thatis not conseredsinceit is
notinvolvedin the actualbinding. The only modi cation we needto maketo the algorithmis thatwhen
constructinghedatatrie, we slideawindow of lenth andconstructhetrie out of substring®f length

representingheconcatenationf thetwo conseredregionswith theunconseredspacingemoved.

3.1 Efcient Implementation

For eachlUPAC pattern,oncewe have alist of theinstance®f substringshatcorrespondo the patternwe
canuseEquationg1) and(3) to computethe signi canceof the motif underthe non-parametrienodeland
the processlescribedat subsectior?2.2to computethe signi canceof themotif undertheregressiormodel.

For the non-parametrienodel,the computationof the -valuecanbe very expensve. This is because
for ary partition, we needto computethe hypergeometricscorewhich involves a large summationof
combinationoperators. Sincewe needto computethis scorefor every partition, this can becomevery
expensie. We usethe following techniquego speedup the summation. We precomputehe valuesfor
factorialup to andusethesevaluesfor computingthe combinationoperatorgor the hypegeometric
scores. Sincethe HG scoreis a sumof positive values,we terminatethe summationoncewe are above
the threshold. This givesa signi cant savingsin computationatime becausdor the vastmajority of the
motifs and partitions,the summationis above the thresholdafter computingjust the rst term. We also
don't computethetail of the sumif we candeterminehatits affect onthe nal scoreis below thelevel of
precisionwe arereporting.

For theregressiommodel,we canprecomputeéhequantities and duringpreprocessing
sincethey areconstanfor every motif.

4 Biological Experiments

To discover new TFBSsactive understressconditions we appliedRIM-FINDER to yeaststressxpression
data[8]. Sincemary of the motifs were discoreredmary differenttimeswith only slight variations,we
ltered by remoring from thelist any motif thathasa strongemotif within a Hammingdistanceof 2.
Figurel representthe5 strongestotifs discoveredin eachstresscondition. It shavs thatvery signif-
icantmotifs arediscoreredandthatthereis a goodagreemenbetweerthe scoresof the two differentap-
proachesi.e. themHG scoreof thenon-parametriapproactandthep-valueof theregressiormodel.Some
motifs, e.g: GGGGA(STRE),AAATTTT, andGATGAG, appeamwith only smallvariationsin moststress
conditions. STRE s the well known multi-stressresponsie 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 aminoacidstanation[6]. GATGAG wasalsoreportedbeforeto be
signi cantly correlatedwith expressionor have suchvery closevariantin cell cycle [3] andin aminoacid
stanation[6]. Thefactthatthese3 motifs aresigni cant in mary differentstressconditionsdrivesus to
hypothesizehatthey actasmulti stressesponsie elementsa hypothesidurther strengthenedly the fact
that STREhasbeenempiricallycon rmed to induceexpressiorundermulti stressconditions[12, 16].

Thehypothesizedunctionsof thedifferentmotifs found,thatis, whetherthey actasinducersor repres-
sors,arealsoreportedin Figurel. We hypothesizehata motif actsasaninducerif it hasa positive
andit is over representedt thetop of the expressiorrankedlist of promoters.On the otherhand,if it has
aneggative  andit is over representedt the bottomof thelist, we hypothesizehatit actsasa repressor
Figurel shavsthatthereis a goodagreemenbetweerthesetwo indicationsof function.

Next, we appliedRIM-FINDER to expressiorpro les of yeastmutantsor of yeastcellsover-expressing
a certaingene.We soughtto identify the TFBSsof therelatedTF's assigni cant. The 10 strongestnotifs
discovered for eachsuchpro le aredescribedy Figure?2.

GCN4andSTE12arebothpositive regulatorsof transcriptionn yeast.We foundclosevariantsof their
known bindingsitesin in thelist of the 10 strongestnotifs discoveredin their mutants:;TGASTMA which
is very similarto TGANT thebindingsite of GCN4wasfoundasmostsigni cant in GCN4mutantswhile,
TGMAACR which very closeto TGAAACA the known binding site of STE12,wasfoundto be the 8th
mostsigni cant motif in STE12mutants Moreover, asexpectedpoththesemotifs wereoverrepresentedt
thebottomof the expressiorranklist with anegative . We hypothesizehatthereasorfor these ndings,
is thatmary of thegenegegulatedby theseenhancerareunderexpressedn their mutantstherebymaking
their corresponding FBS over-representeéh lowly expressegromoters.

MSN2 inducestranscriptionin yeast,while ROX1 repressed. In the MSN2 over-expressingcellswe
foundCCCSTwhichis very similarto CCCCT thecomplimentsequencef STRE,theknown bindingsite
of MSN2, asthe secondstrongesmotif. CCCSTwasoverrepresentedh the top of the expressionrank
list with a positve . In ROX1 mutantswe found a variantof ROX1 binding site: ATTGTY which is
closeto YYNATTGTTY asthe secondstrongestnotif. However, this time, this motif wasoverrepresented
in the bottomwith anegatve . These ndings areconsistentvith our expectations:sinceMSN2 is an
enhancerin the MSN2 over-expressingcellswe expectthe genegegulatedby MSN2 to be over-expressed
therebymakingSTREoverrepresenteth the highly expressegoromoterspnthe ip side,sinceROX1 isa
repressqtin the ROX1 over-expressingellswe expectthe genegegulatedby ROX1 to beunderexpressed
thereby makingROX1 bindingsite over-representeth thelow expressiorpromoters.



Stress. Motif Sequence. Log of mHG. -Statistic Log of the Motif's Edgeof Motif's

Of The p-value ThelList Hypothesized
Correlation.  of the In Which Function.
correlation. TheMotif

Is Over-
Represented

HeatShock05 min. 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 Stanation 1hr. 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

Figurel: Motifs thatin uence geneexpressiorunderdifferentervironmentalstressconditions.

5 Summary and Discussion

We have presentedh new algorithmicapproacho discovering motifs thataresigni cant with respecto a
single geneexpressionmeasuremerdassayor to ary otherorderon genespy evaluatingmotifs basedon
botharegressiormodelanda non-parametricnodelandassigning -valuesfor thesign canceof motifsin
bothmodels.Ourapproaclguaranteethediscosery of themaostsigni cant degeneratenotifs,anadwantage
over previousmethodsuchasREDUCERor MOTIF-REGRESSOR.

A fundamentabifferencebetweerthe regressionmodelpresentedhere(equialentto the REDUCER
motif model)andthe MOTIF-REGRESSORnotif modelis thatour modelassumethepresencer absense
of amotif is a discreteaventwhile the MOTIF-REGRESSORissignsa scorewhich depend®n how mary
motif matcheghereareandthe strengthof thosematchesThereareadvantagesnddisadwantages$o each
approach SinceMOTIF-REGRESSORillows for softermatchesijt maybe a morerobustmodel. Onthe
otherhand,sincein our modelwe canquantify the exact numberof motifs, we can more easily estimate
p-valuesandcorrectfor multiple hypothesigesting.

We appliedour methodgo yeastexpressiondatawhereknown motifs andputative novel motifs were
identi ed.
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Mutant Motif Sequence Log of mHG. -Statistic Log of the Motif's Edgeof
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Appendix

A Computational Complexity

In orderto identify new active TF bindingsites,we seekfor motifs with signi cant mHG. In this sectiorwe
prove thatthe probleminvolvedin this taskis NP-completeWe do so by shaving thatthe decisionversion
of this problem,the RANK IMBALANCED MOTIFS, is alsoNP-complete We startby introducingsome
notationgollowing LinhartandShamir[11].

Let denotea nite x edalphabetlin thecaseof DNA sequences, . A degenerated
motif isastring  with severalpossiblecharactersit eachposition,i.e., , Where (a
motif over thelUPAC alphabeis ary degenerateanotif over ). A string

matcheghe degenerateanotif , if it containsa sub-stringthatcanbe extractedfrom by selectinga
characteiat eachposition,i.e. suchthat . For example,the
motif matcheghe string TGAGAGTC startingfrom the third position. The
degenencyof is . For example,

Recallthat the functionality of a motif is relatedto the mHG of its correspondingpccurencevector
given an expressionrankedlist of promoters.For a degeneratednotif this vectoris simply calculatedoy
replacingstringsthatmatchthe motif by '+1' andtheothersby'-1'.

Therefore the computationaproblemof discoseringnew TF-bindingsites,is relatedto the following
decisionproblem.

PROBLEM1 (RANK IMBALANCED MOTIFS (RIMS)) Given a rankedsetof  strings, , over an
alphabet , integers , andaconstant ; is therea degeneratednotif  of length , suchthat
andsuchthatit' s correspondingrectorwith respecto , hasamHG

THEOREM RIMS is NP-completdor . We shaw this by shaving areductionfrom the Set-Cwoer
problem,sincewe could not nd ary simplereductionfrom ary of the 3 basicNP-Completeproblems
representedly LinhartandShamir[11].

However, two specialcasesvherethe problemis solvablein polynomialtime, shouldbe pointedout.
The rst is where , andwhereall the possiblesolutionsare sub-stringsof the data. The secondis
wherethemotif length( ) is constantandthereforethe numberof possiblesolutionsis alsoconstanbeing

. In thatcase pnecansolve the problemin time linearin the size of the data,by calculatingthe score
of eachof themotifs.

A.1 Reductionfrom Set-Cover

We usethe vectorrepresentationf the setcover problem: considea setof subsets of the
universalset . Eachsubsets representedby a vectorof length , andthe th cell of
equalsl iff andO otherwise.We seekthe smallestsubset , of vectors,suchthateachposition

between to is coveredby atleastoneof thevectorsin . In thedesicionversionwe wantto determine
whethersuchcover of cardinality exists.

1. Let
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2. Let be a matrix, whosecolumnsarethe givenvectorsof the set-cower problem.

w

Let beasequenceonsistingof all therowsin  chainedtogethey with the symbol3 between
them.

Let and
Let andlet berankedbefore in
Setl=n+2.

Set

© N o 0 &

Set

A.2 Correctnessf the reduction

We now shaw, thatthereisa coveriff thereisamotif of length and with scoresmallerthan
1. Thecorrectnesss basedon the fact thatiif , itsmHG is 1. While, if it smHG
is0.5.

The rst direction: Givena cover, is themotif of length startingandendingwith and
having Osin the positionscorrespondingo thecover and elsevhere.Thismotif occursin  but not
in (it occursin anddoesnotoccurin ) by construction.

Thesecondlirection: assuminghatamotif of length , anddegenerayg gotscoref 0.5. Then,
it mustoccurin in andit muststartandendwith or , otherwiset would occurin
andthereforejn . Sinceit hasa degenerag it cannothave morethan zeros.Moreover, it is

easyto shaw thatsincethis motif doesnotoccurin  its zerosmustcorrespondoa cover.
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