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We addresghe issueof structuredmotif inference This problemis statedasfollows: given a set
of n DNA sequenceanda quorumgq (%), nd the optimal structuredconsensusnotif describedas
gapsalternatingwith speci c regionsandsharedoy atleastq n sequencesOur proposalis in the
domainof metaheuristicsit runssolutionsto corvergencethrougha cooperatiorbetweera sampling
strat@y of the searchspaceanda quick detectionof local similaritiesin smallsequenceamplesThe
contritutionsof this paperare: (1) the designof a stochastianethodwhosegenuinenovelty restson
driving thesearchwith athresholdrequeng f discriminingbetweerspeci ¢ regionsandgapsi(2) the
original way for justifying the operation®speciallydesigned(3) theimplementatiorof a mining tool
well adaptedo biologists'eigencies:few inputparameterarerequired(quorumg, minimalthreshold
frequeny f , maximalgaplengthg). Our approactpravesefcient on simulateddata,promotersites
in Dicot plantsandtranscriptiorfactorbindingsitesin E. coli genome Ouralgorithm,Kaos,compares
favorablywith MEME andsTARS in termsof accurag.

1. Intr oduction

In the last fteen yearsa lot of work hasappearedn the literaturewhich addresseshe
generaltopic of consensumotif inference(cmi) in a setof biological sequence$Gibbs
samplingt®!® Pratt? consensus,® Teiresiasi* MEME,> PROJECTIONS,* Smilel%®
Winnower,'® Splash? sTARs,*' MoDEL,” ...). The readeris directedto somerecent
suneys>117. Thoughthe problemis incontestablynot new, it remainsanimportantand
dif cult onein sequencanalysis.Exactalgorithmsarenot corvenientfor largedatasetsr
long sequencesTherefore approximatealgorithmshave to be designed Therewasroom
for an approachdedicatedo the speci ¢ problemof structured motif inference. Let us
rst remindof a peculiarinstanceof the cm1 problem,calledthe local multiple alignment
problem(LmA). In its generafform, this problemmay be statedasfollows: identify a set
of sub-wordsfoi,;0,,; ;0 g, calledoccurrencesjnderthefour following constraints:
(1) ary o;, veri es asimilarity constraintwith ary othero; ; (2) theoccurrencedave the
samdength;(3) eachsequencs; containg or 1 suchoccurrence;, ; (4) thereareatleast
g nsequences; contrituting to the setof occurrencegquorumconstraint).Generally
LMA algorithmsoutputthe setof occurrencesa position-speci cscoringmatrix (pssm)
M andthe consensumotif. For ary characterc of the DNA sequencalphabet , M [c;j ]
yieldsthefrequeng of character at positionj overthesetof occurrencesTheconsensus
motif is computedasthe word with the mostfrequentcharactersn the pssm M . But a
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centralissuein post-genomicss the automaticdiscovery of functional biological motifs

with the aim of identifying a structurecommonto a setof sequencesThe structuremay

be describedas speci ¢ regions alternatingwith gaps. Gapsare regions which contain
no intrinsic information. Thuswe areinterestedn structuredlocal multiple alignments
(SLMAsg). A structuredmotif is a word built on alphabetA [ fxg, wherex denoteshe

wild-card characterA wild-card charactein positionj of the motif indicatesthatthefre-

guenciesof all charactersn A arebelown a giventhresholdfrequeng, say f. A gapis

madeup of contiguouswild-cardcharactersHereour concerris theretrieval of structured
motifs suchasACTGxxxXCTTxxGGxxxAAGA, for example.

Naively deriving a structurecconsensumotif from the pssm built by a classicalL MA
methoddoesnotyield the optimalsolutionfor large dataset®r long sequencedNeverthe-
less,it is wiseto bene t from an existing LMA algorithmfor local similarity search.On
theotherhand for systematidatamining purposepnecannotwastetime with successie
guessesat the putative structure. The numberof input parameterdor a searchmustbe
reducedguorum(q); thresholdrequeng (f ); minimal motif length(minM otif Length),
maximalgaplength(g). Thirdly, we areaware of the robustnes®f stochastianethodsn
thedomainof cmi (Gibbssamplef:® MEME,? PROJECTIONS,* STARS,'!). Finally, wewish
to designanalgorithmwith alow memorycost. Thesemotivationsleadto ourinvestigating
a stochasticamplingstratgy cooperatingvith anLMA algorithm.

Theremaindeiof thepaperis organizedasfollows. Section2 introducesspeci ¢ termi-
nology andnotionswe usesubsequentlySection3 is dedicatedo the presentatiorof our
algorithm,Kaos. The discussiorof the resultsobtainedon simulatedandbiological data
maybefoundin Sectiord4.

2. De nitions
For DNA sequenceshealphabetd isfA; C; T; Gg.

De nition 2.1. (LMA) Givenn sequences;; S  Sp built onalphabetA , anintegerk
anda similarity criterion,anLMA is a setof substringo;; 0, 0, ofs3; S, S, such
thato;; 0, oy have commonlengthk andmaximizethe similarity criterion. Note that
anLMA is easilyrepresentedvith a matrix. In the following, we will alsocall LMA ary
procesygielding sucha setof substrings.

De nition 2.2.  (pssm,support, hits) LetS = s3; S, S, ben sequencesuilt on
alphabetA , letO = fo;; 0o 0ng beantLma of lengthk built from thesesequences
consideringa given similarity criterion andlet minS eqand minM otif Length be two
integers. A pssmM associateavith this LMA is ary matrix of realsof sizejAj 1 (I
minM otif Length) inducedfrom a sub-matrixL of the LMA matrix asfollows: L hasat
leastminS eglinesandminM otif Length columns;M compilesthe frequenciesf the
character®f A , for eachcolumnof L. The hits of thepssm M arethe locationsin the
sequencesf the sub-wordsalignedin L. Thesesub-wordsarethe support of thepssm

De nition 2.3. (specic character) Letf beagiventhresholdfrequeng,0 f 100
If the highestfrequeng atcolumnj, M * [j ], is overf andis obtainedfor charactec, then
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cis aspeci c characteandis referedto aschar(M * [j ]).

De nition 2.4. (wild-card character, mask) Let us choosex (2 A ) asthe wild-card
character. We denotemask(M ) thestring2 A ' [ f xg verifying:

. ) o xif MY[j]<f
forall 1 j 1 mask(M)[j] = char(M * [j]) otherwise:

De nition 2.5. (gap) A gapis any word built onalphabef xg whichis oneof thelongest
substring®f contiguouswild-cardcharactersn mask(M ).

Theonly constrainton the motif structureis g, the maximalgaplengthallowed.

De nition 2.6. (property G(f ; g)) Property((f ; g; M ) holdsif andonly if thelengthof
thelongestgapin M 's maskis lessthanor equalto g for the thresholdfrequeng f and
this maskhasno gapat eitherextremity.

3. Cooperation betweena sampling strategyand an LM A
3.1. Movingin thepssm seard space

To solve a combinatorialoptimizationproblem,all metaheuristicand a balancebetween
searchintensi cation (identifying solutionsof betterquality from known solutions)and
searchdiversi cation (escapingrom local optima). Our approactsuccessiely infers so-
lutions throughiterationsconsideringsmall samplesof m sequencegshosenat random
amongthe n initial sequenceslf atleastq n sequencesharea similarity, it is likely

thatg m sequences thesamplesharethissimilarity onaverage ThesearchedpaceE

consistof pssm. But we would emphasizeéhatthede nite originality of our methodlies

in thefollowing points: (1) whereGibbssampling,PROJECTIONS, MEME andCONSENSUS

(ateachof its iterations)considempssms for agivenmotif lengthandpssms supportedy

the samenumberof sequencesn the contrary our methodconsiderghe spaceof pssm

with minimal seconddimensionminM otif Length and minimal supportsize minS eq

(2) moreorer, for structurednotif inferencepurposewe imposestraightavay thatwe only

move in the pssm sub-spacevhereall elementserify property((f ; g). Eachpssnrepre-
sentsa similarity sharedby, say r sequencebelongingto theinitial set. The higherr is,

themorelikely is the pssmthe optimal solution. The objectivesfor the searchareincreas-
ing the supportsize(quorumconstraintiandoptimizinga criterionC designedo evaluate
thespeci city of solutions.

3.2. Sketch of the algorithm
3.2.1. Sequenceamplingand r stintensi cationlevel

The sketchof the searchis givenin algorithm1. Any iterationbeginswith the generation
at randomof two sequencesamplesS; andS; (line 3). Theplug-in LMA softwaretuned
with lengthw yieldstwo LMA matricesof sizem  w (line 4). An exact procedureis
implementedto scaneachof thesematricesand identify the largestsub-matricegwith

3
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respecto the numbersof lines andcolumns)whosepssms verify the constraintG(f ; g).
This procedurewill bedescribedn anextendedversionof the paper

At line 5, operator processe®achpair (s1,; S1,) of S1, S 1, shifting one
matrix with regard to the other one to identify a local similarity. As a result, the el-
ementaryoperations;, 3, outputsthe unique pssm s, (if it exists) which satis es
property G(f ; g) and optimizescriterion C. s, is computedaccordingto the formula:
sofc;j] = Lusuldd 11::12512[”2] j1 andj » arethecolumnsof matricess;, ands;, which
contributeto thecofumnj of matrixs;. ny, andnj, arethe supportsizesof s;, andsg,.
Indeed,suchcomputationsieedonly be donefor someshifts. The other shifts are ef -
ciently rejectedthroughstraightforvard focuseson the gapsin s1, (or s1,) (startingwith
the longestones),andthe correspondingegionsin s;, (or s;,). Thusit is likely thatthe
longestgapsin the potential solution correspondingo the currentshift will be pointed
out. For a given shift, optimizationis performedthroughscanningL , the list of pairs
(bedn; end) for all gapsin s;, ands;,. Thislist is sortedin decreasingrderwith re-
spectto the gaplengths.The principle of the optimizationwill be detailedin the extended
versionof the paper

3.2.2. Startingpointsand secondntensi cationlevel

If they areof sufcient quality with respecto criterionC, someelementof S , will be
chosenas "starting points" for moving in the searchspaceE (line 6). A startingpoint
from S , 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 pairsin S 3 S ,: if asolutions; in S , hasthe samemaskasa
solutionss belongingto S 3, thenthe supportandfrequenciesf sz areupdated. is a
specializedrersionof . Furthermoreijf updatingthe frequenciedor a givensolutions
with supportsizeaboseg n only entailsvariationswithin a given percentagesay 2%,
thenthe convergencecriterion is satis ed (line 7), the searchstopsandit yields the pair
fs ; S zgwhichwill beprocessedfterwards.Now thereadercanunderstandhata "bad"”
solutionss in S 3 replacedwith a startingpoint s, is characterizedsfollows: (1) it was
notmuchreinforcedby operator throughsuccessie iterationsandthereforeit hasalow
supportsize;(2) s, scoresover sz with regardto criterion C. To sumpup, diversi cation
by generatiorof startingpointsandintensi cationin E aresimultaneougrocessegerated
until a corvergencecriterionis satis edfor a solutions .

3.3. Justi cation of the operatorsimplementedand the criterion optimized

To evaluatethepertineng of operator , we mustcheckthatit is unlikely thatfalsepositive
solutionscorrespondingo local similarities might be retainedin S . If we call f1 and
f» the two frequenciesnvolvedin theformulasy[c;j] = 2suledut Npsi,ldial gy e

n11+n12

1 shaws variationsof f, versusf, for 4 valuesof f and differentvaluesof ratio Ei

nll f1+n12 fa
L tNng,

underthe constraint f . Theratio valuesconsiderecherearethe 49 our
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Algorithm 1 Search(g;f;q)

Input: asetS of n sequencesnaximalgaplengthg; minimal frequeng f ; quorumg; samplesizem .

Output: answerYes'/'No'; if 'Yes',amaskM ask , thecorrespondinggssmM , hitshits for atleasty n sequences.

Search space E, thesetof pssm verifying constraintG(f ; g)

Solutionsets S 1,; S 1,; Sz2and S 3

Operators:  and :P (E) P (E)! P (E) (P (E):setofall subset®f E)

1:S 3 )

2: repeat

3:  Stepl: generatatrandomfrom S two sampleof m sequencegespectiely, S; andS;.

4. identify atmostn bestsolutionsS 1, andatmostn; bestsolutionsS 1, runningplug-inalgorithmLmA respectiely
onsamplesS; andS;, underconstrainiG(f ; g) andusingcriterionC .

5.  Step2: identify atmostn, bestsolutionsS » fromS 1, S 1,,underconstrainiG(f ; g) andwith respecto criterion
C.

6: Step3: updateS 3 with S 3 S » andpossiblynew startingpointsfrom S ,, underconstraintG(f ; g) andusing
criterionC .

7: until (corvergencecriterionis satis edfor asolutions in'S 3 verifying quorumconstraint)or timeoutis reached

8: if suchasolutions existsthen motifAssembling$ , S 3); return'Yes',M ask, M , hits

9: return 'No'

implementatiorworks with (n1,;n1, 2 [4;10 m = 10;minSeq = 4, seede nition
2.2). As intuitively expected the probability that the frequeny f 1 = 25% of analeatory
charactetmight be compensatethy a sufciently high valueof fomin = h(f1) = (f
1) + f, to yield a falsespeci ¢ characterdrasticallydecreaseasf increasesWe
draN vertlcalllnesx = 25 5% andhorizontallinesy = 25 5% to delimit areasfor
frequenciesearto 25% Throughf = 60%tof = 90%, thetwo areadelimitedintersect
adecreasingiumberof linesy = h(x).

20 |
.

0 0 20 40 60 80 100 0 0 20 40 60 80 100 0 0 20 40 60 80 100 0 0 20 40 60 80 100

f=60% f=70% f=80% f=90%
Figure1l: Probabilityfor reinforcementf a speci ¢ character throughoperation , undervarious
valuesfor the thresholdfrequeny f (f 60%). We draw the lines correspondingdo f omin =
h(f1) = (f  fq) nll + f for 49 valuesof theratlo 'nll,nl2 2 [4;10]

Conclusion3.1. For DNA sequencesf thethresholdfrequeny f is greaterthanor equal
to 70%andif all 49 possibilitiesfor - ”11 with nq,; n1, 2 [4; 10]areequiprobablethenthe
probabllltythatanaIeatorycharactern S;, compensatethesamecharactein s;, , toyield
aspeci c charactein s, decreasefom 0:45t0 0 (0:29for f = 72% 0:12forf = 75%).

With this knowledge,we studythe behaiour of operator in the threecases: TP
TP, FP TP, FP  FP, whereFp denotesa falsepositive solution(a local similarity) and
TP correspondso a sub-optimalsolution. The optimal solutionis a similarity sharedby
n g sequencest leastanda TP only differs from the optimal solution by somefalse
wild-cardor speci c charactersTable3 in Appendixdetailsour reasoningwhichis based
on conclusion3.1. We draw thefollowing conclusionfrom the comparisorof columns3,
3', 5and5' of Table3 (seelines 3, 6 and9):
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Conclusion3.2. Table3 shavs thatcrossingoperandoneof which at leastis a falsepos-
itive solutionis likely to entail the generationof wild-card charactersvhereasspeci ¢
characteraregeneratednsteadf bothoperandsretrue positive solutions.

Operator implementsshifts of a pssm with respecto anothempssm. If oneof the
operandsat leastis a Fp, it is unlikely that mary speci c character®f both pssms corre-
spond.Wereit the casefor a pair of speci ¢ character®f bothoperanddor a givenshift,
it is unlikely thatthesespeci ¢ charactersvould beidentical. So the caseamentionedat
(6,2)and(9,2)in Table3 arehighly improbable.As a consequencef this andconclusion
3.2,conclusion3.3is statedasfollows:

Conclusion3.3. Crossingoperandgsi;,  Si,) oneof which at leastis a false positive
solutionis likely to yield apssm whosemaskhaswild-cardcharacterin the majority. The
resultingpssm will berejectedbecausef the presencef gapsat extremitiesor because
they do notverify the maximalgaplengthconstraint.

The criterion C cannot be the usuallog-likelihoodratio® becausecontraryto other
LMA methods,our pssm are not supportedby the samenumbersof sequences.Con-
E,lusmn 3.3 gives a strong motivation to reward solutionswith the following criterion:

j=1; M ] fM [J]

3.4. Final processing
3.4.1. Motif assembling

At line 8, amongthe solutionsin S 3, somemay be falsepositive solutionswhile others
may correspondo sub-rgionsof the nal consensusnotif, eitherstrictly includedin the
sub-rgjion correspondingo s , overlappingit or totally disjointedfrom it. Procedure
motifAssemblinghooses asa rst "reference'andre nesit. Thenit nds thesolution
in S 3 having the greatesnumberof co-occurringhits with the referenceand satisfying
guorumeconstraint. This solutionis re ned in its turn andis usedasthe new reference.
This processs repeateduntil no suchreferencecanbeidenti ed. The procedurewill be
detailedin the extendedversionof this paper

3.4.2. Estimationof the motif statisticalsigni cance

It is not arule thatall functionalbiological motifs shouldnecessarilype lessrepresented
thanotherwordsin a dataset Anyway, we mustestimatethe statisticalsigni cance of the
motif predicted We considermamaotif of lengthl with ns speci c charactersTheprobability
that sucha motif occursby chanceat leastonetime in eachof n sequencesf maximal
sizet, Wltll]_) at mostd mismatchegelative to the speC| ¢ charactersijs approximatedoy

@@ G ™ALL )™ My

3.5. Complexity

We chosemoDEL astheplug-inLMA softwarefor its rapidity. The complexity of anLmMA
performedvith MoDEL is O(m t w b) wherew is thechosenlength for thelocalalignment,
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bis theintrinsic numberof iterationsfor this method(default valueis 45), m is the sizeof
thesequenceamplesandt is the maximallengthfor then sequencedie supposehatthe
convergencefor procedureSearch(g; f; q) is obtainedatu® iteration. The compleity
isthenO(um t w b+ 2 n3? n) where is themaximalnumberof hits persequencéor
ary of thens solutionsin S 3. Thememorycostis O(2 n; + n, + n3) (N + w) where
n; andn, arethesizesof S 1, andS ,. Dueto spacdimitation the correspondingroofs
will bepublishedn the extendedversionof the paper

4. Experimental results
4.1. Simulations

Generatingaconsensumotif atrandomwealsogenerated qoccurrencehlurredthem
with mismatchegin the speci ¢ regionsonly) andinsertedthemin n aleatorygenerated
sequencesWe comparedhe retrieved consensusnotif with the real oneand computed
statistics: cover (Is the whole motif retrieved?) and exactness (Are thereerrors?) (not
detailedhere). Table 1 includesmore detailson the falsewild-card or the falsespeci c
charactergpredicted. For sometests(b; c¢; d ande), we adaptedo our concernghe so-
calledchallengemotif problemstatedby PevznerandSzé3. The rst conclusionto drav
from Table1l is thatour methodis accurate Thelowestaverageexactnesss 0:92, obtained
for motif a andc underratherhardconditions:q = 70%; f = 80% Thecoveris quite
satisfyingtoo: it neverdropsbelow 0:90. Onthe otherhand,we neverencountemorethan
onefalsewild-card characteor onefalsespeci ¢ characteion average gxceptfor b, and
C; (respectiely 1.03and1.02falsewild-cardcharacters).

A second benchmarkwas designedto study whether tuning the parameterg
(maximal gap length) with different values alters the results. The benchmarkcon-
sists of 50 sequenceggeneratedat random (length in [50; 300]) and containing
CTACTXXXATCCTTGGGXXXXXXXXTCGTxXAAACTTGCTAGATTCAGGGAXXGAC-
GGAGGGTA whoselongestgaphaslength8. Successiely tuningg to 8, 15and25 does
not alterthe quality of the ouputsobtainedfor 20 runs.

4.2. Biological bencimarks

Finally we ran Kaos on the biological datasetsollectedfor STARS evaluationt’:'8. The
motifs consideredonsisbof (1) the Tatabox TATAXATA in 131sequenceom variousDi-
cotplants(32880nucleotidessequencéength251),(2) thebindingsite TG TAAXXXXXXXT -
TXAC for TyrR proteinin E. coli genomd5 sequences3585nucleotidessequencéength
in [251-2021])and(3) thebindingsite CTGTAXAxxxAxXXCA G for LexA proteinin E. coli
genomg16 sequence8941nucleotidessequencéengthin [100-3842]).We compared
MEME, STARS and 20 runsof Kaosunderthe constraintsg = 100%andf = 80%. To
testour methodwith quorumg = 70% (andf = 80%), we replaced30% of thesequences
in the initial datasetg1) and(3) with asmary sequencesf the samelengthschosenat
randomin the adequatgenomesThenwe compared0 runsof Kaoswith MEME, which
allowstheretrieval of zeroor oneoccurrencef the motif persequenceWe hadto cornvert

7
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MEME's outputsinto structuredmotifs for comparisorpurpose.We comparedhelengths
of themotifs andthelocationsof falsewild-card/speci ccharacter$or themotifs predicted
by Kaosandary otheralgorithm.We concludethatin bothcasegq = 100%andqg = 70%)
Kaosis asefcient asMEME andSTARS (seeextendedversion).

Thenwetestedhebehaiour of KaoswhenthequorumdecreasesiVe choseadif cult
case:the binding sitesfor PurR protein (18 sequences}4592nucleotides)seeTable 2).
From90%to 70%all solutionsfoundby Kaosareconsistentith therealmotif, with each
otherandwith MEME's results. 60% is the quorumvalue belov which MEME andKaos
retrieve a consensudependingn the sequencegeneratect random.

Tablel: Performancesf Kaoswith 2 quorumvaluesand2 frequeng valuesfor variousmotifs.

(al) (@2) (@3) (a4) (bl) (b2) (cl) (c2) (d1) (d2) (el) (e2)
g 100 70 100 70 100 70 100 70 100 70 100 70
f 100 100 80 80 8 80 80 8 8 8 80 80
co 097 097 091 090 1.0 1.0 10 097 092 0.93 091 0.95
ex 10 10 098 092 098 096 095 092 09 095 1.0 1.0
fw
fs
n

049 05 058 057 05 103 02 1.02 037 047 0.11 03
038 037 013 09 O 044 09 03 022 021 02 0.9

t I ns q= 100% gq= 70%

d=2 d=4 d=7 d=2 d=4 d=7
(@ 100 50 14 10 2.4E-182 5.4E-29 0.999 1.4E-96 2.2E-4 0.999
(@ 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
() 20 600 18 14 d= 4:14E-15 d= 4:51E-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 (€) CTTGGACXCGAXCCTCXXCGCC

Note Themaximalgaplengthg is setto 5. (a); (b); (c); (d) and(e) referto variousmotifs. In eachsubcase
(aj), 100 sequencesf lengthsrangingfrom 50 to 300 have beengeneratedinderquorum(q%) andminimal

frequeny (f %) constraints.In caseqb); (c); (d) and(e), 20 sequencesf length600 have beengenerated.
Averagevaluesfor cover (co), exactnesgex) andnumberof falsewild-card/speci ccharactergfw/fs) predicted
have beencomputedor 100 runs. Bottom section:statisticalsigni cance. n is the numberof sequencesf size

t, | is themotif length,ns is thenumberof speci c charactersd is the maximalnumberof mismatchesbsered

peroccurrenceFor motif (a) differentvaluesof d wereencounteredh theworstcaseqf = 70%).

Table2: Rokustnesof Kaoswith respecto quorumg; comparisorwith othermethods.

q 100% 90% 80% 70%

MEME ACGCAAACGTTTGCGTT seel00% ACGCAAACGTTTGCGT  ACGCAAACGTTTACGTT

MEME( ) AXGCAAACGXTTXCXT seel00% AXGCAAACGTTTXCXT AXGCAAACGTTTACTT (8)
AXGCAAACGTTTXCGT(3)
AXGCAAACGTTTCXT(9)

STARS GCxAXCGTTTTC

Kaos GXAAXCGXTTxXC (7) AXGXAAXCGXTTxC (10) GXAAXCGXTTXCXT (12) AxGXAAACGxxTxC(6)z

AXGXAAACGTTTXCXT(13)y AXGXAAACGXTTxC(1) CGXAAACGTTTXCXT(8) CAAAXGTXTCXGT (7)

CGCAAXCGXTTXC(9) CXAACGTXTTXGT(7)

Note f = 80%. Themaximalgaplengthis 5. Thedatasetontainssequencewith PurRproteinbindingsitesand
randomsequencesThe knovn motif is AXGXAAXCGXTTXCXT. Sequencebave lengthsin range[299-5864],
with average2477.(*) For aneasiecomparisonthe ouputsof MEME have beencorvertedinto structuredmotifs.
Thenumbersn bracletsindicatehow mary runsover 20 outputthe correspondingesult. Statisticalsigni cance:
y1.2E-69;d = 0z0.999;d = 4. d is themaximalnumberof mismatche®bseredperoccurrence.
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5. Conclusion

We presented novel methodfor sLMA underminimal speci ¢ charactefrequeng, max-
imal gaplengthandquorumconstraintspssmcorvergencds obtainedn anoriginal way:
strengthenindliterally meging) the bestcandidatessatisfyingfrequeng and gap con-
straints,which de nitely distinguishesour algorithmfrom all known methods. Kaosis
robust with regardto the following criteria: maximal gap length speci ed with too high
avalue,parameterg) andf . Besides,our methodhasa low memorycost. Finally, our
softwareis easyto usesinceonly threeinput parameterarerequiredandthe maximalgap
lengthmaybeoverestimatedOur resultsshow thatit is worth doingfuturework. Thenext
stepwill consistin examiningwhich partsof the algorithmmay be speededip. A more
thoroughexaminationof the choicefor scoringfunctionsis alsooneof our futuretasks.
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Appendix

Table3: Studyof thebehaiour of operator w.r.t. thetype of operand{Fp or TP, seetext, subsectior8.3).
1 2 3 3 4 4 5 5 6 6'

Sopt X C Ci c1 X X c c X X
S1, X € C C2 C1 C Cc X Cc X
S5, X C © c1 C (o} X c X c
1 TP TP sy, oo 1 c1 C c ct C ceq
2co 2c, c? c?
2 S1, 1c, 1c, Co C1 ct+ C ceq C
3 Sy X C C C X X [ [ X X
4 TP FP sy, 1c; 1c, 1c, see4 cC ct C ceq
2c?  2c1?  2¢?
5 S1, 1c, 1c;, 1c, seed C? C c? C
6 Sp X € X X X X X Cc X X
7 FP FP Sy, c1 see3 see3 see3 cC X see5 seeb
c?
8 S1, C X [
9 S X € X X X

Note This tablerelieson conclusion3.1. The operandsares1, andsi,. Theelementaryoperatorfor s
denoted . We give themostprobableresultfor s = s;;,  s1,, consideringhe2 contriluting columnsof sy,
andsz, andtheresultingcolumnfor sz. x denotesawild-cardcharactein themasksof the pssms considered.
¢, 1 andc, denotespeci ¢ characterssopt is the optimalsolution. Indicatingthe characteof sopt is obviously
only of concernfor operationsnvolving TPs. Notations: L ¢} recallsthatc; has the highestfrequeng rank
in the columnof the pssm considered®2 cg meanshatc; is likely to have the secondrequeny rank; %; + ©
denoteghecharacter; is likely to have a high frequeny rank; °%c; ?° meanshatthereis no possibleguessasto
whattherankfor ¢, canbe;'c; eq' meanghatc; hasafrequenyg a\/eragingﬁ asall equiprobableharacters.
We commentline TP TP andcolumns3 and3' to shav how to readthis table: if oneof the TPs hasc; asa
speci ¢ charactercorrespondingo the speci ¢ characteof sopt , andtheotherTp hasc, asaspeci ¢ character
sincebothareTps, it is likely thatc; appearsvith thesecondrequeng rankfor thesecondrp. Thecasestlines
andcolumns(4-6,5) and (4-6,5") are not symmetrical.c may be encounteredn a Fp with eitheralow or high
probability (though< f sincethe correspondingharacteof themaskis awild-cardcharacter) Thusthenotation
%?0is adequateOn the contrary thereis a high probabilitythatthe charactec is high-rankedif s1, hasafalse
wild-cardcharacteandsopt hascharactec in its mask.In this case theadequataotationis c+ .
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