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We addressthe issueof structuredmotif inference. This problemis statedas follows: given a set
of n DNA sequencesanda quorumq (%) , �nd the optimal structuredconsensusmotif describedas
gapsalternatingwith speci�c regionsandsharedby at leastq � n sequences.Our proposalis in the
domainof metaheuristics:it runssolutionsto convergencethroughacooperationbetweenasampling
strategy of thesearchspaceandaquickdetectionof localsimilaritiesin smallsequencesamples.The
contributionsof this paperare: (1) thedesignof a stochasticmethodwhosegenuinenovelty restson
driving thesearchwith athresholdfrequency f discriminingbetweenspeci�c regionsandgaps;(2) the
originalway for justifying theoperationsespeciallydesigned;(3) theimplementationof amining tool
well adaptedto biologists'exigencies:few inputparametersarerequired(quorumq, minimal threshold
frequency f , maximalgaplengthg). Our approachprovesef�cient on simulateddata,promotersites
in Dicot plantsandtranscriptionfactorbindingsitesin E.coli genome.Ouralgorithm,Kaos,compares
favorablywith MEME andSTARS in termsof accuracy.

1. Intr oduction

In the last �fteen yearsa lot of work hasappearedin the literaturewhich addressesthe
generaltopic of consensusmotif inference(CMI) in a setof biological sequences(Gibbs
sampling,10;16 Pratt,9 CONSENSUS,8 Teiresias,14 MEME,2 PROJECTIONS,4 Smile,12;6

Winnower,13 Splash,5 STARS,11 MoDEL,7 ...). The readeris directedto somerecent
surveys3;11;7. Thoughtheproblemis incontestablynot new, it remainsan importantand
dif�cult onein sequenceanalysis.Exactalgorithmsarenotconvenientfor largedatasetsor
long sequences.Therefore,approximatealgorithmshave to bedesigned.Therewasroom
for an approachdedicatedto the speci�c problemof structured motif inference. Let us
�rst remindof a peculiarinstanceof the CMI problem,calledthelocal multiple alignment
problem(LMA). In its generalform, this problemmaybestatedasfollows: identify a set
of sub-wordsf oi 1 ; oi 2 ; � � � ; oi r i

g, calledoccurrences,underthefour following constraints:
(1) any oi j veri�es a similarity constraintwith any otheroi p ; (2) theoccurrenceshave the
samelength;(3) eachsequencesi contains0 or 1 suchoccurrenceoi k ; (4) thereareat least
q � n sequencessi contributing to thesetof occurrences(quorumconstraint).Generally,
LMA algorithmsoutputthe setof occurrences,a position-speci�cscoringmatrix (pssm)
M andtheconsensusmotif. For any characterc of theDNA sequencealphabetA , M [c; j ]
yieldsthefrequency of characterc atpositionj overthesetof occurrences.Theconsensus
motif is computedasthe word with the most frequentcharactersin the pssm M . But a

1



4thOctober2005 19:36 ProceedingsTrim Size:9.75inx 6.5in sinoquet_apbc_2006_crc_04_10_05

centralissuein post-genomicsis the automaticdiscovery of functionalbiological motifs
with theaim of identifying a structurecommonto a setof sequences.Thestructuremay
be describedas speci�c regionsalternatingwith gaps. Gapsare regions which contain
no intrinsic information. Thuswe are interestedin structuredlocal multiple alignments
(SLMAs). A structuredmotif is a word built on alphabetA [ f xg, wherex denotesthe
wild-cardcharacter. A wild-cardcharacterin positionj of themotif indicatesthat thefre-
quenciesof all charactersin A arebelow a given thresholdfrequency, say, f . A gapis
madeupof contiguouswild-cardcharacters.Hereourconcernis theretrieval of structured
motifs suchasACTGxxxxCTTxxGGxxxAAGA, for example.

Naively deriving a structuredconsensusmotif from thepssm built by a classicalLMA

methoddoesnot yield theoptimalsolutionfor largedatasetsor long sequences.Neverthe-
less,it is wise to bene�t from an existing LMA algorithmfor local similarity search.On
theotherhand,for systematicdataminingpurpose,onecannotwastetimewith successive
guessesat the putative structure. The numberof input parametersfor a searchmustbe
reduced:quorum(q); thresholdfrequency (f ); minimalmotif length(minM otif Length),
maximalgaplength(g). Thirdly, we areawareof therobustnessof stochasticmethodsin
thedomainof CMI (Gibbssampler,10 MEME,2 PROJECTIONS,4 STARS,11). Finally, wewish
to designanalgorithmwith alow memorycost.Thesemotivationsleadto ourinvestigating
a stochasticsamplingstrategy cooperatingwith anLMA algorithm.

Theremainderof thepaperis organizedasfollows. Section2 introducesspeci�c termi-
nologyandnotionswe usesubsequently. Section3 is dedicatedto thepresentationof our
algorithm,Kaos. The discussionof the resultsobtainedon simulatedandbiological data
maybefoundin Section4.

2. De�nitions

For DNA sequences,thealphabetA is f A; C; T; Gg.

De�nition 2.1. (L M A) Givenn sequencess1; s2 � � � sn built on alphabetA , an integerk
anda similarity criterion,an LMA is a setof substringso1; o2 � � � on of s1; s2 � � � sn such
thato1; o2 � � � on have commonlengthk andmaximizethesimilarity criterion. Notethat
an LMA is easilyrepresentedwith a matrix. In the following, we will alsocall LMA any
processyieldingsuchasetof substrings.

De�nition 2.2. (pssm,support, hits) Let S = s1; s2 � � � sn be n sequencesbuilt on
alphabetA , let O = f o1; o2 � � � on g be an LMA of lengthk built from thesesequences
consideringa given similarity criterion and let minS eq andminM otif Length be two
integers.A pssmM associatedwith this LMA is any matrix of realsof sizejA j � l (l �
minM otif Length) inducedfrom a sub-matrixL of the LMA matrix asfollows: L hasat
leastminS eq linesandminM otif Length columns;M compilesthe frequenciesof the
charactersof A , for eachcolumnof L . Thehits of thepssm M arethe locationsin the
sequencesof thesub-wordsalignedin L . Thesesub-wordsarethesupport of thepssm.

De�nition 2.3. (speci�c character) Let f bea giventhresholdfrequency, 0 � f � 100.
If thehighestfrequency atcolumnj , M + [j ], is over f andis obtainedfor characterc, then
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c is aspeci�c characterandis referedto aschar(M + [j ]).

De�nition 2.4. (wild-card character, mask) Let us choosex (=2 A ) as the wild-card
character. We denotemask(M ) thestring2 A l [ f xg verifying:

forall 1 � j � l ; mask(M )[j ] =
�

x if M + [j ] < f
char(M + [j ]) otherwise:

De�nition 2.5. (gap) A gapis any word built onalphabetf xg which is oneof thelongest
substringsof contiguouswild-cardcharactersin mask(M ).

Theonly constrainton themotif structureis g, themaximalgaplengthallowed.

De�nition 2.6. (property G(f ; g)) PropertyG(f ; g; M ) holdsif andonly if the lengthof
the longestgapin M 's maskis lessthanor equalto g for the thresholdfrequency f and
this maskhasnogapat eitherextremity.

3. Cooperationbetweena sampling strategyand an L M A

3.1. Moving in thepssm search space

To solve a combinatorialoptimizationproblem,all metaheuristics�nd a balancebetween
searchintensi�cation (identifying solutionsof betterquality from known solutions)and
searchdiversi�cation (escapingfrom local optima). Our approachsuccessively infersso-
lutions throughiterationsconsideringsmall samplesof m sequenceschosenat random
amongthe n initial sequences.If at leastq � n sequencessharea similarity, it is likely
thatq� m sequencesin thesamplessharethissimilarity onaverage.ThesearchedspaceE
consistsof pssms. But we would emphasizethatthede�nite originality of our methodlies
in thefollowing points:(1) whereGibbssampling,PROJECTIONS, MEME andCONSENSUS

(ateachof its iterations)considerpssms for agivenmotif lengthandpssms supportedby
thesamenumberof sequences,on thecontrary, our methodconsidersthespaceof pssms

with minimal seconddimensionminM otif Length andminimal supportsizeminS eq;
(2) moreover, for structuredmotif inferencepurpose,we imposestraightawaythatweonly
move in thepssm sub-spacewhereall elementsverify propertyG(f ; g). Eachpssmrepre-
sentsa similarity sharedby, say, r sequencesbelongingto the initial set. Thehigherr is,
themorelikely is thepssmtheoptimalsolution.Theobjectivesfor thesearchareincreas-
ing thesupportsize(quorumconstraint)andoptimizinga criterionC designedto evaluate
thespeci�city of solutions.

3.2. Sketch of thealgorithm

3.2.1. Sequencesamplingand�r st intensi�cationlevel

Thesketchof thesearchis givenin algorithm1. Any iterationbeginswith thegeneration
at randomof two sequencesamplesS1 andS2 (line 3). Theplug-in LMA softwaretuned
with lengthw yields two LMA matricesof sizem � w (line 4). An exact procedureis
implementedto scaneachof thesematricesand identify the largestsub-matrices(with
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respectto thenumbersof linesandcolumns)whosepssms verify theconstraintG(f ; g).
Thisprocedurewill bedescribedin anextendedversionof thepaper.

At line 5, operator
 processeseachpair (s11 ; s12 ) of S 11 � S 12 shifting one
matrix with regard to the other one to identify a local similarity. As a result, the el-
ementaryoperations11 � s12 outputsthe unique pssm s2 (if it exists) which satis�es
propertyG(f ; g) and optimizescriterion C. s2 is computedaccordingto the formula:
s2[c; j ] = n 11 s11 [c;j 1 ]+ n 12 s12 [c;j 2 ]

n 11 + n 12
. j 1 andj 2 arethecolumnsof matricess11 ands12 which

contributeto thecolumnj of matrix s2. n11 andn12 arethesupportsizesof s11 ands12 .
Indeed,suchcomputationsneedonly be donefor someshifts. The othershifts areef�-
ciently rejectedthroughstraightforwardfocuseson thegapsin s11 (or s12 ) (startingwith
the longestones),andthecorrespondingregionsin s12 (or s11 ). Thusit is likely that the
longestgapsin the potentialsolution correspondingto the currentshift will be pointed
out. For a given shift, optimizationis performedthroughscanningL , the list of pairs
(begin; end) for all gapsin s11 ands12 . This list is sortedin decreasingorderwith re-
spectto thegaplengths.Theprincipleof theoptimizationwill bedetailedin theextended
versionof thepaper.

3.2.2. Startingpointsandsecondintensi�cationlevel

If they areof suf�cient quality with respectto criterionC, someelementsof S 2 will be
chosenas "starting points" for moving in the searchspaceE (line 6). A startingpoint
from S 2 will replacea "bad" currentsolutionin S 3. Moving in E is performedwith the
objective of maximizingthe supportsizes(seede�nition 2.2) of the currentsolutionsin
S 3. Here,intensi�cation is obtainedwith a secondoperator� (line 6) which compares
the elementsof all pairs in S 3 � S 2: if a solution s2 in S 2 hasthe samemaskasa
solutions3 belongingto S 3, thenthesupportandfrequenciesof s3 areupdated.� is a
specializedversionof 
 . Furthermore,if updatingthefrequenciesfor a givensolutions�

with supportsizeabove q � n only entailsvariationswithin a givenpercentage,say, 2%,
thenthe convergencecriterion is satis�ed (line 7), the searchstopsandit yields the pair
f s� ; S 3g whichwill beprocessedafterwards.Now thereadercanunderstandthata"bad"
solutions3 in S 3 replacedwith a startingpoint s2 is characterizedasfollows: (1) it was
notmuchreinforcedby operator� throughsuccessive iterationsandthereforeit hasa low
supportsize;(2) s2 scoresover s3 with regardto criterionC. To sumpup,diversi�cation
by generationof startingpointsandintensi�cationin E aresimultaneousprocessesiterated
until a convergencecriterionis satis�edfor a solutions� .

3.3. Justi�cation of theoperatorsimplementedand thecriterion optimized

To evaluatethepertinency of operator
 , wemustcheckthatit is unlikely thatfalsepositive
solutionscorrespondingto local similaritiesmight be retainedin S 2. If we call f 1 and
f 2 the two frequenciesinvolved in the formulas2[c; j ] = n 11 s11 [c;j 1 ]+ n 12 s12 [c;j 2 ]

n 11 + n 12
, Figure

1 shows variationsof f 2 versus f 1 for 4 valuesof f and different valuesof ratio n 11
n 12

underthe constraintn 11 f 1 + n 12 f 2

n 11 + n 12
� f . The ratio valuesconsideredherearethe 49 our

4



4thOctober2005 19:36 ProceedingsTrim Size:9.75inx 6.5in sinoquet_apbc_2006_crc_04_10_05

Algorithm 1 Search(g; f ; q)
Input: a setS of n sequences;maximalgaplengthg; minimal frequency f ; quorumq; samplesizem .
Output: answer'Yes'/'No'; if 'Yes', a maskM ask , thecorrespondingpssmM , hitshits for at leastq � n sequences.
Search space: E, thesetof pssms verifying constraintG(f ; g)
Solution sets: S 11 ; S 12 ; S 2 and S 3

Operators: 
 and� : P (E) � P (E) ! P (E) (P (E ) : setof all subsetsof E )

1: S 3  ;
2: repeat
3: Step1: generateat randomfrom S two samplesof m sequencesrespectively, S1 andS2 .
4: identify at mostn 1 bestsolutionsS 11 andat mostn 1 bestsolutionsS 12 runningplug-in algorithmLMA respectively

on samplesS1 andS2 , underconstraintG(f ; g) andusingcriterionC .
5: Step2: identify atmostn 2 bestsolutionsS 2 from S 11 
 S 12 , underconstraintG(f ; g) andwith respectto criterion

C .
6: Step3: updateS 3 with S 3 � S 2 andpossiblynew startingpoints from S 2 , underconstraintG(f ; g) andusing

criterionC .
7: until (convergencecriterionis satis�edfor asolutions� in S 3 verifying quorumconstraint)or timeoutis reached
8: if suchasolutions� existsthen motifAssembling(s� , S 3 ); return 'Yes', M ask , M , hits
9: return 'No'

implementationworks with (n11 ; n12 2 [4; 10]; m = 10;minS eq = 4, seede�nition
2.2). As intuitively expected,theprobability that the frequency f 1 = 25%of analeatory
charactermight be compensatedby a suf�ciently high valueof f 2min = h(f 1) = (f �
f 1) n 11

n 12
+ f , to yield a falsespeci�c character, drasticallydecreasesasf increases.We

draw vertical lines x = 25 � 5% andhorizontallines y = 25 � 5% to delimit areasfor
frequenciesnearto 25%. Throughf = 60%to f = 90%, thetwo areasdelimitedintersect
a decreasingnumberof linesy = h(x).
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Figure1: Probabilityfor reinforcementof a speci�c characterc throughoperation
 , undervarious

valuesfor the thresholdfrequency f (f � 60%). We draw the lines correspondingto f 2min =

h(f 1) = (f � f 1)
n 11
n 12

+ f for 49 valuesof theratio
n 11
n 12

; n11 ; n12 2 [4; 10].

Conclusion3.1. For DNA sequences,if the thresholdfrequency f is greaterthanor equal
to 70%andif all 49possibilitiesfor n 11

n 12
with n11 ; n12 2 [4; 10]areequiprobable,thenthe

probabilitythatanaleatorycharacterin s11 compensatesthesamecharacterin s12 , to yield
aspeci�c characterin s2, decreasesfrom 0:45to 0 (0:29for f = 72%; 0:12for f = 75%).

With this knowledge,we studythe behaviour of operator
 in the threecases:TP �
TP, FP � TP, FP � FP, whereFP denotesa falsepositive solution(a local similarity) and
TP correspondsto a sub-optimalsolution. The optimal solutionis a similarity sharedby
n � q sequencesat leastanda TP only differs from the optimal solution by somefalse
wild-cardor speci�c characters.Table3 in Appendixdetailsour reasoning,which is based
on conclusion3.1. We draw thefollowing conclusionfrom thecomparisonof columns3,
3', 5 and5' of Table3 (seelines3, 6 and9):
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Conclusion3.2. Table3 shows thatcrossingoperandsoneof which at leastis a falsepos-
itive solution is likely to entail the generationof wild-card characterswhereasspeci�c
charactersaregeneratedinsteadif bothoperandsaretruepositivesolutions.

Operator
 implementsshiftsof a pssm with respectto anotherpssm. If oneof the
operandsat leastis a FP, it is unlikely thatmany speci�c charactersof bothpssms corre-
spond.Wereit thecasefor a pair of speci�c charactersof bothoperandsfor a givenshift,
it is unlikely that thesespeci�c characterswould be identical. So thecasesmentionedat
(6,2)and(9,2) in Table3 arehighly improbable.As a consequenceof this andconclusion
3.2,conclusion3.3is statedasfollows:

Conclusion3.3. Crossingoperands(s11 � s12 ) oneof which at leastis a falsepositive
solutionis likely to yield apssm whosemaskhaswild-cardcharactersin themajority. The
resultingpssm will berejectedbecauseof thepresenceof gapsat extremitiesor because
they donot verify themaximalgaplengthconstraint.

The criterion C cannot be the usuallog-likelihoodratio1 becausecontraryto other
LMA methods,our pssms are not supportedby the samenumbersof sequences.Con-
clusion 3.3 gives a strongmotivation to reward solutionswith the following criterion:P l

j =1 ; M + [j ]� f M + [j ].

3.4. Final processing

3.4.1. Motif assembling

At line 8, amongthe solutionsin S 3, somemay be falsepositive solutionswhile others
maycorrespondto sub-regionsof the �nal consensusmotif, eitherstrictly includedin the
sub-region correspondingto s� , overlappingit or totally disjointed from it. Procedure
motifAssemblingchoosess� asa �rst "reference"andre�nes it. Thenit �nds thesolution
in S 3 having the greatestnumberof co-occurringhits with the referenceandsatisfying
quorumconstraint. This solution is re�ned in its turn andis usedas the new reference.
This processis repeateduntil no suchreferencecanbe identi�ed. The procedurewill be
detailedin theextendedversionof this paper.

3.4.2. Estimationof themotif statisticalsigni�cance

It is not a rule thatall functionalbiologicalmotifs shouldnecessarilybe lessrepresented
thanotherwordsin a dataset.Anyway, we mustestimatethestatisticalsigni�canceof the
motif predicted.Weconsideramotif of lengthl with ns speci�c characters.Theprobability
that sucha motif occursby chanceat leastonetime in eachof n sequencesof maximal
sizet, with at mostd mismatchesrelative to the speci�c characters,is approximatedby

(1 � (1 �
P d

m =0

� ns
m

�
( jA j� 1

jA j )
m

( 1
jA j )

ns � m
)t � l +1 )

n
.

3.5. Complexity

We choseMoDEL7 astheplug-in LMA softwarefor its rapidity. Thecomplexity of anLMA

performedwith MoDEL is O(m t w b) wherew is thechosenlength for thelocalalignment,
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b is theintrinsic numberof iterationsfor this method(default valueis 45), m is thesizeof
thesequencesamplesandt is themaximallengthfor then sequences.Wesupposethatthe
convergencefor procedureSearch(g; f ; q) is obtainedat uth iteration. The complexity
is thenO(u m t w b+ � 2 n3

2 n) where� is themaximalnumberof hits persequencefor
any of then3 solutionsin S 3. Thememorycostis O(2 n1 + n2 + n3) (n � + w) where
n1 andn2 arethesizesof S 11 andS 2. Dueto spacelimitation thecorrespondingproofs
will bepublishedin theextendedversionof thepaper.

4. Experimental results

4.1. Simulations

Generatingaconsensusmotif atrandom,wealsogeneratedn� qoccurrences,blurredthem
with mismatches(in thespeci�c regionsonly) andinsertedthemin n aleatorygenerated
sequences.We comparedthe retrieved consensusmotif with the real oneandcomputed
statistics:cover (Is the whole motif retrieved?) andexactness (Are thereerrors?) (not
detailedhere). Table1 includesmoredetailson the falsewild-card or the falsespeci�c
characterspredicted.For sometests(b; c; d ande), we adaptedto our concernsthe so-
calledchallengemotif problemstatedby PevznerandSze13. The�rst conclusionto draw
from Table1 is thatourmethodis accurate.Thelowestaverageexactnessis 0:92, obtained
for motif a andc underratherhardconditions:q = 70%; f = 80%. Thecover is quite
satisfyingtoo: it neverdropsbelow 0:90. Ontheotherhand,weneverencountermorethan
onefalsewild-cardcharacteror onefalsespeci�c characteron average,exceptfor b2 and
c2 (respectively 1.03and1.02falsewild-cardcharacters).

A second benchmarkwas designed to study whether tuning the parameterg
(maximal gap length) with different values alters the results. The benchmarkcon-
sists of 50 sequencesgeneratedat random (length in [50; 300]) and containing
CTACTxxxATCCTTGGGxxxxxxxxTCGTxxxAAACTTGCTAGATTCAGGGAxxxGAC-
GGAGGGTA whoselongestgaphaslength8. Successively tuningg to 8, 15 and25 does
notalterthequality of theouputsobtainedfor 20 runs.

4.2. Biological benchmarks

Finally we ran Kaoson the biological datasetscollectedfor STARS evaluation17;18. The
motifsconsideredconsistof (1) theTataboxTATAxATA in 131sequencesfrom variousDi-
cotplants(32880nucleotides,sequencelength251),(2) thebindingsiteTGTAAxxxxxxxT-
TxAC for TyrR proteinin E. coli genome(5 sequences,3585nucleotides,sequencelength
in [251-2021])and(3) thebindingsiteCTGTAxAxxxAxxCA G for LexA proteinin E. coli
genome(16 sequences,28941nucleotides,sequencelengthin [100-3842]).We compared
MEME, STARS and20 runsof Kaosunderthe constraintsq = 100%andf = 80%. To
testour methodwith quorumq = 70%(andf = 80%), wereplaced30%of thesequences
in the initial datasets(1) and(3) with asmany sequencesof the samelengthschosenat
randomin theadequategenomes.Thenwe compared20 runsof Kaoswith MEME, which
allows theretrieval of zeroor oneoccurrenceof themotif persequence.We hadto convert
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MEME's outputsinto structuredmotifs for comparisonpurpose.We comparedthe lengths
of themotifsandthelocationsof falsewild-card/speci�ccharactersfor themotifspredicted
by Kaosandany otheralgorithm.Weconcludethatin bothcases(q = 100%andq = 70%)
Kaosis asef�cient asMEME andSTARS (seeextendedversion).

Thenwetestedthebehaviour of Kaoswhenthequorumdecreases.Wechoseadif�cult
case:thebindingsitesfor PurRprotein(18 sequences,44592nucleotides)(seeTable2).
From90%to 70%all solutionsfoundby Kaosareconsistentwith therealmotif, with each
otherandwith MEME's results. 60% is the quorumvaluebelow which MEME andKaos
retrievea consensusdependingon thesequencesgeneratedat random.

Table1: Performancesof Kaoswith 2 quorumvaluesand2 frequency valuesfor variousmotifs.

(a1) (a2) (a3) (a4) (b1) (b2) (c1) (c2) (d1) (d2) (e1) (e2)
q 100 70 100 70 100 70 100 70 100 70 100 70
f 100 100 80 80 80 80 80 80 80 80 80 80
co 0.97 0.97 0.91 0.90 1.0 1.0 1.0 0.97 0.92 0.93 0.91 0.95
ex 1.0 1.0 0.98 0.92 0.98 0.96 0.95 0.92 0.96 0.95 1.0 1.0
fw 0.49 0.5 0.58 0.57 0.5 1.03 0.2 1.02 0.37 0.47 0.11 0.3
fs 0.38 0.37 0.13 0.9 0 0.44 0.9 0.3 0.22 0.21 0.2 0.95
n t l ns q = 100% q = 70%

d = 2 d = 4 d = 7 d = 2 d = 4 d = 7
(a) 100 50 14 10 2.4E-182 5.4E-29 0.999 1.4E-96 2.2E-4 0.999
(a) 100 300 14 10 1.3E-95 0.720 1.0 3.3E-43 1.0 1.0
(b) 20 600 16 12 d = 3: 1.7E-14 d = 3: 2.5E-6
(c) 20 600 18 14 d = 4: 1.4E-15 d = 4: 5.1E-7
(d) 20 600 20 16 d = 5: 4.8E-17 d = 5: 5.8E-8
(e) 20 600 22 18 d = 6: 9.1E-19 d = 6: 4.3E-9

(a) GCGxxAAGCAxxCC (b) TGATxxTGAxxACGCC (c) TTTxCTCxCGxCCGxgag
(d) AATTTxxTCCTAGxTxTACG (e) CTTGGACxCGAxCCTCxxCGCC

Note: Themaximalgaplengthg is setto 5. (a); (b); (c); (d) and(e) refer to variousmotifs. In eachsubcase
(ai ), 100 sequencesof lengthsrangingfrom 50 to 300 have beengeneratedunderquorum(q%) andminimal
frequency (f %) constraints.In cases(b); (c); (d) and(e), 20 sequencesof length600 have beengenerated.
Averagevaluesfor cover (co),exactness(ex) andnumberof falsewild-card/speci�ccharacters(fw/fs) predicted
have beencomputedfor 100 runs.Bottomsection:statisticalsigni�cance. n is thenumberof sequencesof size
t, l is themotif length,ns is thenumberof speci�c characters,d is themaximalnumberof mismatchesobserved
peroccurrence.For motif (a) differentvaluesof d wereencounteredin theworstcases(f = 70%).

Table2: Robustnessof Kaoswith respectto quorumq; comparisonwith othermethods.

q 100% 90% 80% 70%
MEME ACGCAAACGTTTGCGTT see100% ACGCAAACGTTTGCGT ACGCAAACGTTTACGTT
MEME(� ) AxGCAAACGxTTxCxT see100% AxGCAAACGTTTxCxT AxGCAAACGTTTACTT (8)

AxGCAAACGTTTxCGT(3)
AxGCAAACGTTTCxT(9)

STARS GCxAxCGTTTTC
Kaos GxAAxCGxTTxC(7) AxGxAAxCGxTTxC (10) GxAAxCGxTTxCxT(12) AxGxAAACGxxTxC(6) z

AxGxAAACGTTTxCxT(13)y AxGxAAACGxTTxC(1) CGxAAACGTTTxCxT(8) CAAAxGTxTCxGT (7)
CGCAAxCGxTTxC(9) CxAACGTxTTxGT(7)

Note: f = 80%. Themaximalgaplengthis5. Thedatasetcontainssequenceswith PurRproteinbindingsitesand
randomsequences.The known motif is AxGxAAxCGxTTxCxT. Sequenceshave lengthsin range[299-5864],
with average2477.(*) For aneasiercomparison,theouputsof MEME havebeenconvertedinto structuredmotifs.
Thenumbersin bracketsindicatehow many runsover20 outputthecorrespondingresult.Statisticalsigni�cance:
y 1.2E-69;d = 0 z 0.999;d = 4. d is themaximalnumberof mismatchesobservedperoccurrence.
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5. Conclusion

We presenteda novel methodfor SLMA underminimal speci�c characterfrequency, max-
imal gaplengthandquorumconstraints.pssmconvergenceis obtainedin anoriginalway:
strengthening(literally merging) the bestcandidatessatisfyingfrequency and gap con-
straints,which de�nitely distinguishesour algorithmfrom all known methods. Kaos is
robust with regardto the following criteria: maximalgaplengthspeci�ed with too high
a value,parametersq and f . Besides,our methodhasa low memorycost. Finally, our
softwareis easyto usesinceonly threeinputparametersarerequiredandthemaximalgap
lengthmaybeoverestimated.Ourresultsshow thatit is worthdoingfuturework. Thenext
stepwill consistin examiningwhich partsof the algorithmmay be speededup. A more
thoroughexaminationof thechoicefor scoringfunctionsis alsooneof our futuretasks.

Acknowledgements

Wewishto thankA. Mancheronfor kindly puttingatourdisposalthedatasetshecollected.
Thanksarealsodueto D. Hernandezfor providing thebetaversionof theMoDEL software.

Appendix

Table3: Studyof thebehaviour of operator
 w.r.t. thetypeof operands(FP or TP, seetext, subsection3.3).
1 2 3 3' 4 4' 5 5' 6 6'

sopt x c c1 c1 x x c c x x
s11 x c c1 c2 c1 c2 c x c x
s12 x c c2 c1 c2 c1 x c x c

1 TP� TP s11 1c1 1c2 c1 c2 c c+ c c eq
2c2 2c1 c2? c1?

2 s12 1c2 1c1 c2 c1 c+ c c eq c
3 s2 x c c1 c1 x x c c x x
4 TP� FP s11 1c1 1c2 1c1 see4 c c+ c c eq

2c2? 2c1? 2c2?
5 s12 1c2 1c1 1c2 see4 c? c c? c
6 s2 x c x x x x x c x x
7 FP� FP s11 c1 see3 see3 see3 c x see5 see5

c2?
8 s12 c2 x c
9 s2 x c x x x

Note: This table relieson conclusion3.1. The operandsares11 ands12 . The elementaryoperatorfor 
 is
denoted� . Wegive themostprobableresultfor s2 = s11 � s12 , consideringthe2 contributing columnsof s11

ands12 andtheresultingcolumnfor s2 . x denotesa wild-cardcharacterin themasksof thepssms considered.
c, c1 andc2 denotespeci�c characters.sopt is theoptimalsolution.Indicatingthecharacterof sopt is obviously
only of concernfor operationsinvolving TPs . Notations: 01 c0

1 recallsthat c1 has the highestfrequency rank
in thecolumnof thepssm considered;02 c0

2 meansthat c2 is lik ely to have thesecondfrequency rank; 0c1+ 0

denotesthecharacterc1 is likely to have ahigh frequency rank;0c1?0 meansthatthereis nopossibleguessasto
whattherankfor c1 canbe;' c1 eq' meansthatc1 hasa frequency averaging 1

j A j asall equiprobablecharacters.
We commentline TP� TP andcolumns3 and3' to show how to readthis table: if oneof the TPs hasc1 asa
speci�c character, correspondingto thespeci�c characterof sopt , andtheotherTP hasc2 asa speci�c character,
sincebothareTPs , it is likely thatc1 appearswith thesecondfrequency rankfor thesecondTP. Thecasesat lines
andcolumns(4-6,5)and(4-6,5') arenot symmetrical.c may be encounteredin a FP with eithera low or high
probability(though< f sincethecorrespondingcharacterof themaskis awild-cardcharacter).Thusthenotation
0c?0 is adequate.On thecontrary, thereis a high probabilitythatthecharacterc is high-ranked if s11 hasa false
wild-cardcharacterandsopt hascharacterc in its mask.In this case,theadequatenotationis c+ .
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