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Abstract

We introducean unsupervisedmethodfor extractingmeaningfulmotifs from biological
sequencedata.This de novo motif extraction(MEX) algorithmis datadriven,�nding motifs
thatarenot necessarilyover-representedin theentirecorpus,yet displayover-representation
within local contexts. We applyour methodto theproblemof deriving functionalclassi�ca-
tion of proteinsfrom their sequenceinformation.Applying MEX to amino-acidsequencesof
a groupof enzymes,we obtaina setof motifs thatservesasthebasisfor descriptionof these
proteins.This motif-space,derivedfrom sequencedataonly, is thenusedasa basisfor func-
tional classi�cationby an SVM classi�er. Using the setof the oxidoreductasesuper-family,
with about7000enzymes,we show thatclassi�cationbasedon MEX motifs surpassesthatof
two otherSVM basedmethods:SVMProt that relieson physical andchemicalpropertiesof
theproteinsequenceof amino-acids,andSVM appliedto a Smith-Watermandistancematrix.
Thisdemonstratestheeffectivenessof ourMEX algorithm,andthefeasibilityof sequence-to-
functionclassi�cation.
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Intr oduction

It is well-known thathighsequencesimilarity guaranteesfunctionalsimilarity of proteins.A recent
analysisof enzymesby Tian andSkolnick [14] suggeststhat40%pairwisesequenceidentity can
beusedasa thresholdfor safetransferabilityof the®rst threedigits of theEnzymeCommission
(EC) number1. Using pairwisesequencesimilarity, andcombiningit with the SupportVector
Machine(SVM) classi®cationapproach[15, 10], Liao andNoble[7] have arguedthatthey obtain
asigni®cantlyimprovedremotehomologydetectionrelativeto existingstate-of-the-artalgorithms.

1TheECnumber, whichis of theform: n1:n2:n3:n4speci®esthelocationof theenzymeonatreeof functionalities.



Thereare two alternative approachesto the task of proteinclassi®cationthat are sequence-
based.Onerelieson generalcharacteristicsof thesequence,suchasnumbersof speci®camino-
acidswithin it, assuggestedin [6]. A recentvariationof this approachreplacesthe amino-acid
sequencewith afeaturesequence[3,4], usingphysicalandchemicalfeaturessuchashydrophobic-
ity, normalizedVanderWaalsvolume,polarity, polarizability, charge,surfacetension,secondary
structureandsolventaccessibility. Caiet al: [3, 4] haveappliedSVM to theresultingvectors,and
reportedthat this SVMProt techniquereacheshigh degreesof accuracy on many enzymeclasses,
de®nedin termsof two digitsof theECnumber.

Theotheralternative to straightforwardsequencesimilarity is theuseof motifs. Appropriately
chosensequencemotifs maybeexpectedto reducenoisein thedataandto re�ect active regions
of theprotein,thusimproving predictabilityof its function. A proteincanthenberepresentedas
a `bagof motifs' [1] (i.e. neglectingtheir particularorderon thelinearsequence),or a vectorin a
spacespannedby thesemotifs. A recentinvestigationby Ben-HurandBrutlag [2], basedon the
eMotif approach[9, 8] hasleadto verygoodresults.Startingoutwith 5911oxidoreductases,which
®t into 129classes,they basetheiranalysison59783regular-expressionemotifs.With appropriate
featureselectionmethodsthey obtainsuccessrateswell over90%for avarietyof classi®ers.

Our approachis alsomotif based.Its novelty is themotif extractionalgorithm(MEX) thatwe
employ. Conventionalapproaches[5] constructmotifs in termsof positionspeci®cweight ma-
trices,or elseusehiddenMarkov modelsandBayesiannetworks. They all rely on somesort of
supervisedapproach,suchasspecifyinga particularclassof proteinsfor which somestatistical
signi®cantover-representationis uncovered.MEX extractsmotifs from proteinsequenceswithout
demandingover-representationof suchstringsof amino-acidsin thedataset. Instead,our unsu-
pervisedmethodrelieson over-representationin smallcontexts, asexplainedin thenext section.
Moreover our motifs arespeci®cstringsandnot position-speci®cweightmatricesor regular ex-
pressions.In the applicationdescribedbelow, MEX extracts3165speci®cmotifs. This low, yet
(in our case)effective numbermay be comparedwith the 59783regular-expressionemotifs of
Ben-HurandBrutlag[2].

In what follows, we demonstratethat an SVM analysisof oxidoreductaseenzymesbasedon
MEX motifs leadsto resultsthatarebetterthanSVM basedonpairwisesequencesimilarity. It also
outperformsSVMProton theseenzymes,eventhoughthelatteris basedonphysicalandchemical
propertiesof theamino-acidsequence.Moreover, it is highly predictive of function,down to the
third level of hierarchy of theECclassi®cation.

The Motif Extraction Algorithm (MEX)

ADIOS [12, 13] is an unsupervisedmethodfor extractionof syntaxfrom linguistic corpora. Its
basicbuilding blockextractssigni®cantpatternsfrom agiventext. Hereweapplythisbasicmotif
extractionalgorithm(MEX), to the problemof ®nding sequence-motifswithin biological texts.
Consideracorpusconstructedof many sequencesof variablelength,eachsuchsequenceexpressed
in termsof an alphabetof ®nite sizeN (e.g. N=20 amino-acidsin proteins).The N lettersform
verticesof agraphonwhich thesequenceswill beplacedasorderedpaths.Eachsequencede®nes
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suchapathover thegraph.Thenumberof pathsconnectingnodesis usedto de®neprobabilities:

p(ei ) =
numberof pathsleaving ei

total numberof paths
(1)

p(ej jei ) =
numberof pathsmoving from ei to ej

total numberof pathsleaving ei
(2)

andsoon, whereei is a vertex on thegraph. In termsof all p(ej jei ) thegraphde®nesa Markov
model. Moreover, using any path on the graph,to be called hencefortha trial-path,we ®nd a
particularinstantiationof a variableorderMarkov modelup to orderk, wherek is the lengthof
thetrial-path.For eachsuchtrial-pathe1e2 ¢¢¢ek = (e1; ek) we de®nea right-moving probability
function,whosevalueat sitei; j · k is

PR(ei ; ej ) = p(ej jei ei +1 ei +2 :::ej ¡ 1) =
l(ei ; ej )

l(ei ; ej ¡ 1)
(3)

wherel(ei ; ej ) is thenumberof occurrencesof sub-paths(ei ; ej ) in thegraph. Startingfrom the
otherendof thepathwede®nea left-moving probabilityfunction

PL (ej ; ei ) = p(ei jei +1 ei +2 :::ej ¡ 1ej ) =
l(ej ; ei )

l(ej ; ei +1 )
(4)

Examplesof suchpath-dependentprobabilityfunctionsareshown in Fig. 1.
In Fig. 1 we show the type of structurethat we expectto ®nd in our graph- the appearance

of coherenceof pathsover somesection,or subsequence,of thepath.We selectthis subsequence
patternasa motif becausethe coherenceof pathsimplies that the samemotif appearsin several
contexts,i.e. in severalpromoters.Thecriteriafor motif selectionarederivedfrom theobservation
thatsuchmotifs lie betweenlocal maximaof PL andPR signifying thebeginningandtheendof
themotif. To bespeci®cwede®nethedropin probabilityfunctionsas

DR(ei ; ej ) = PR(ei ; ej )=PR(ei ; ej ¡ 1) (5)

DL (ej ; ei ) = PL (ej ; ei )=PL (ej ; ei +1 ) (6)

We introducea thresholdparameteŕ suchthat if DR(ei ; ej ) < ´ , the locationej ¡ 1 will be
declaredasthe end-pointof the motif. Similarly, if D L (ej ; ei ) < ´ , ei +1 will be declaredasthe
beginningof themotif. Sincetherelevantprobabilities(PR(ei ; ej ) andPL (ej ; ei )) weredetermined
by some®nite numbersof pathswe have to facethe problemof low statisticswhich may lead
to erroneousresults. Hencewe calculatethe signi®cancevaluesof both DR(ei ; ej ) < ´ and
DL (ej ; ei ) < ´ andrequirethattheir averagebesmallerthana parameter® < 1. In thefollowing
applicationwewill set´ = 0:9 and® = 0:01.
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Figure1: Thede®nitionof amotif within theMEX algorithm.Notethatthemaximaof PL andPR

de®nethebeginningandtheendof themotif. Dropsfollowing themaximasignify divergenceof
pathsat thesepoints.Thenodesin this ®gurearelabeledby differentletters.Note,however, that
differentlettersmayalsolabelthesamenodeappearingat differentlocationson thetrial-path. In
thisexample,E andA mayrepresentthesamenode.

SVM functional classi�cation basedon MEX motifs

Weevaluatedtheability of motifsextractedby MEX to supportfunctionalclassi®cationof proteins
(enzymes).In this experiment,we concentratedon theoxidoreductasessuperfamily (EC 1.x.x.x).
Proteinsequencesandtheir EC numberannotationswereextractedfrom the SwissProtdatabase
Release40.0. First, MEX wasloadedwith the7095proteinsof theoxidoreductasessuperfamily.
Eachpathin theinitial graphthuscorrespondedto asequenceof aminoacids(20symbols).MEX
wasrun on thedatausingtheparameterś = 0:9 and® = 0:01. Thealgorithmidenti®ed3165
motifsof differentlengthsthatexist in theenzymesuperfamily.

Classi®cationwastestedon levels 2 and3 of the EC on classesthat have suf®cient numbers
of elementsto ensurereasonablestatistics.Proteinswererepresentedas`bagsof MEX-motifs'. A
linearSVM classi®er(SVM-Light package,availableonlineat http://svmlight.joachims.org/) was
trainedon eachclassseparately, taking theproteinsof theclassaspositive examples,andothers
asnegative examples.75%of theexampleswereusedfor trainingandtheremainderfor testing.
This wasrepeatedon six differentrandomchoicesof train andtestsetsto accumulatestatistics.
Wehavetestedvarioussubsetsof MEX motifsanddiscoveredthatthesubsetof motifs longerthan
®veleadsto optimalresultsin theclassi®cationanalysis.Thereare1222suchmotifs,spanningthe
spacein whichwerepresentall enzymesandclassifytheminto 16classesof level 2 and39classes
of level 3.

We compareour resultsto two otherapproaches.Oneis SVMProt [3, 4], whoseSVM proce-
durewehaveadopted.Hereweusetheirpublishedresults.They havemeasuredperformancewith
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theparameter

Q =
TP + TN

TP + TN + F P + F N
; (7)

whereTP, TN, FPandFN arethenumbersof truepositive, truenegative, falsepositive,andfalse
negative outcomesrespectively. Sincethey (andustoo)usea relatively largenegative setfor each
class,it is quiteeasyto gethighQ values.We®nd theJaccardscore

J =
TP

TP + F P + F N
(8)

to bemorediscriminative thanQ becauseJdoesnot includeTN in bothits numeratoranddenom-
inator. Henceweadoptthisscorein thecomparisonsdescribedbelow.

The secondmethodwe compareourselvesto is basedon a oneversusall sequencesimilar-
ity approach. We usethe Smith-Waterman[11] algorithm on all pairs of oxidoreductasesthat
wereanalysedby MEX. We have usedthe ariadnetool (written by R. Mott, availableonline at
http://www.well.ox.ac.uk/ariadne).The resultingmatrix M SW of p-valuesservesasa distance-
matrix to beusedasinput for anSVM classi®cation.We imposea minimal p-valuethresholdat
10¡ 6, andthenusethe logarithmsof the p-valuesto de®nea normalizeddistancematrix DSW .
This procedureis similar to the approachof [7]. We differ somewhat in the restof the analysis,
by usingthe full line of DSW asthevectorspecifyinganenzyme,andthesameSVM procedure
(linearkernel)asemployed on the `bagof MEX motifs'. Learningexperimentswereconducted
by preprocessingthe datasetto producean appropriateinput ®le for the learningtask. Eachex-
perimentwasconductedusinga random75% : 25%partition of the datainto a training setand
a testingset, respectively. We have run threeexperimentsfor eachinput ®le andcalculatedthe
averagescoreandstandarddeviation.

In Fig. 2 we comparetheJaccardscoresof MEX with theSmith-Watermananalysisandwith
SVMProt results(the latterhave no errorson thembecausenonewereincludedin thepublished
results).ClearlyMEX scoresarethebest.TheaverageJ-scoresare0:89§ 0:06 for MEX, 0:74§
0:13for SVMProtand0:79§ 0:12for theSmith-Watermananalysis.

An interestingobservation from Fig. 2 is that thereis no correlationbetweenthe sizeof the
classandthesuccessof thetools thatwe apply. Clearly, if thesizeis too small, i.e. therearetoo
few enzymesavailablein the class,theremay exist large variancein differenttrials of train/test
divisions,hencelargeerror-bars.However, in general,theaverageJ-valuesarehigh, independent
of theclassthatis beingtested.

On level 3 of theclassi®cationthereareno publisheddataof SVMProt. In Fig. 3 we present
the comparisonbetweenMEX and the Smith-Watermananalysis. MEX hasa clearadvantage,
bothin thelargeclass1.1.1andoverall. TheaverageJ-scoresare0:89§ 0:08for MEX and0:78§
0:15 for Smith-Waterman.We canthusconcludethat theMEX selectedmotifs carrymeaningful
informationfor ®netunedclassi®cationof theseproteins.
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Figure2: Jaccardscores(seede®nition in text) for second-level EC classesaccordingto MEX
(upperframe) Smith-Waterman(secondframe) and SVMProt (third frame). The lowest frame
displaysthesizeof eachclass.Theclassesarelabeledby their EC numberandarerankordered
accordingto size.
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Figure3: Tableof J-valuesderivedfrom MEX andcomparedwith theSmith-Watermananalysis,
correspondingto classesat level 3 ECclassi®cation.
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Motif selection

MEX hasextractedmotifs of variouslengths. We have testedthe predictive power of SVM on
enzymeclassi®cation,alongthe lines describedabove, by selectingparticularsubsetsof motifs
accordingto the lengthof the motif. We discoveredthat the subsetof motifs of length6 gave
excellentresultson its own, quitecloseto thosequotedin theprevioussection,thatwerederived
for all motifs longerthan5.

To understandwhy this is thecaselet usaskwhich of our motifs is uniqueto only oneof the
enzymeclasses.Thestatisticsof theresultsaredisplayedin Fig. 4. As evident,motifs of length
6 areboth abundantand,concomitantly, have a very large fraction of motifs uniqueto only one
class.In fact,out of the601motifs of length6, 493areuniqueto only onesingleEC classat the
third level. Yet these493motifs arenot suf®cient for theclassi®cationtask,sincetheir coverage
of all proteinswithin oneEC classis limited. In the large class1.1.1,containing1699proteins,
therelevant125motifs of length6 thatareuniqueto this classappearon only 63%of theprotein
sequences.Nonetheless,a classi®cationtaskbasedon all length6 motifs (addingjust 108 non-
uniquemotifs)allowsusto obtainaJaccardscoreof 0:91§ 0:03for thisclassandoverall J-values
of 0:89§ 0:06 for level 2 and0:86§ 0:13 for level 3. It is only on level 3 that limiting ourselves
to motifs of length6 only led to a lower resultthantheonequotedin theprevioussection,which
was0:89§ 0:08. This is thepricewe payfor moving from thebasisof 1222motifs longerthan5
to thebasisof 601motifsof length6 only.

Fig. 4 leadsto an interestinginsight why, if we baseour SVM analysison all motifs longer
than4, thequalityof theresultsdeteriorates:averageJ-valuesareloweredto 0:83§ 0:09for level
2 and0:83§ 0:14for level 3. Thereasonmustbethelargefractionof non-uniquemotifsof length
5, thatharmthequalityof theanalysis.

Discussion

WehaverunourMEX algorithmonagroupof 7095enzymes,andthemotifsthatit hasconstructed
turnedoutto formanexcellentbasisfor classifyingtheseenzymesintosmallclassesknown to have
differentfunctionalroles.In fact,they serve to de®nethebestclassi®cationmethodfrom structure
to functionon thetestedenzymesuperfamily.

Wehavecomparedour resultswith two approaches:

1. Classi®cationbasedonpairwisesequencesimilarity, of thetypeemployedby [7]. Werunthe
systemusingthesameSVM procedurethatwe employ for MEX. The resultsdemonstrate
that MEX derived motifs form a betterbasisfor classi®cation,thus indicating that their
selectionimprovesthesignal/noiseinherentin theoriginal sequences.

2. TheSVMProtmethodof [3, 4]. Wehaveusedtheirpublishedresultsto draw thecomparison
on level 2 data. Our resultsshow that we do better, althoughtheir methodis basedon
semanticinformation,i.e. physicalandchemicalpropertiesof thesequenceof amino-acids.
This is anotherindicationthattheMEX selectedmotifscarryrelevantinformation.
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Figure4: Thenumberof MEX motifsof lengths5-10.Thethreesetscorrespondto (left) all motifs,
(middle) uniquemotifs to singleclassesat level 2, and(right) uniquemotifs to singleclassesat
level 3.

It shouldbenotedthat theour classi®cationis carriedout by usingjust 1222motifs of length
6 andover, andsimilar resultscanalsobe obtainedfrom just the 601 motifs of length6. These
aresmallnumbersof featuresgiventhefact that they serve to describe55 classi®cationtasksfor
about7000proteins. All motifs arecomposedof deterministicconsecutive andspeci®camino-
acids. This is differentfrom the regular expressionsof eMotifs, the basisof the analysisby [2],
or thegeneralapproachof probabilisticrepresentations(PSSM)socommonin Bioinformatics[5].
Thismakesthesmallnumbersof MEX motifsevenmorestriking. Thedeterministicnatureof our
motifs is a resultof thelogic usedby MEX. Thisdoesnotcontradictthepossibleapplicabilityof a
PSSMstructure.Thelattercouldbeanaturalrepresentationof clustersof MEX motifs thatappear
to have thesamerole,but therewasnoneedfor it in theanalysisof theoxidoreductaseenzymes.

The applicationof the MEX algorithmstudiedhereis a ®rst level of featureextractionfrom
biologicalsequences.Higherlevel patternsmaybeextractedby repeatedapplicationof MEX after
theobservedsequence-motifsareincorporatedasverticesin theMEX graph. Moreover, the full
extentof theADIOS approach[13] mayleadin thefutureto revealinghighersyntacticstructures
in biologicalsequencedata.
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