Motif ExtractionandProteinClassi cation

VeredKunik! ZachSolarf ShimonEdelman
EytanRuppint David Horr?

1Schoolof ComputerScience Tel Aviv University, Tel Aviv 69978 Israel

f kunikver,ruppin g@tau.ac.il

2Schoolof PhysicsandAstronomy Tel Aviv University, Tel Aviv 69978 Israel
fzsolan,horn  g@tau.ac.il

3Departmendf PsychologyCornellUniversity, Ithaca,NY 14853,USA
se37@cornell.edu

Abstract

We introducean unsupervisednethodfor extracting meaningfulmotifs from biological
sequencelata. This de novo motif extraction(MEX) algorithmis datadriven, nding motifs
thatarenot necessarilyover-representedh the entire corpus,yet displayover-representation
within local contexts. We apply our methodto the problemof derving functionalclassi ca-
tion of proteinsfrom their sequencénformation. Applying MEX to amino-acidsequencesf
a groupof enzymesye obtaina setof motifs that senesasthe basisfor descriptionof these
proteins.This motif-spacederived from sequencelataonly, is thenusedasa basisfor func-
tional classi cationby an SVM classi er. Using the setof the oxidoreductassupefrfamily,
with about7000enzymeswe shav thatclassi cationbasedon MEX motifs surpassethat of
two other SVM basedmethods:SVMProtthatrelieson physical and chemicalpropertiesof
the proteinsequencef amino-acidsandSVM appliedto a Smith-Watermardistancematrix.
This demonstratethe effectivenesof our MEX algorithm,andthefeasibility of sequence-to-
functionclassi cation.
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Intr oduction

It is well-known thathigh sequencsimilarity guaranteefinctionalsimilarity of proteins.A recent
analysisof enzymedyy Tian and Skolnick [14] suggestshat40% pairwisesequencédentity can
be usedasathresholdfor safetransferabilityof the ®rst threedigits of the EnzymeCommission
(EC) number!. Using pairwise sequencesimilarity, and combiningit with the SupportVector
Machine(SVM) classi®catiorapproact15, 10], Liao andNoble[7] have arguedthatthey obtain
asigni®cantlyimprovedremotehomologydetectiorrelative to existing state-of-the-aralgorithms.

1TheEC numberwhichis of theform: n1:n2:n3:nspeci®eghelocationof theenzymeon atreeof functionalities.



Therearetwo alternatve approacheso the task of protein classi®cationthat are sequence-
based.Onerelieson generalcharacteristic®f the sequencesuchasnumbersof speci®camino-
acidswithin it, assuggestedn [6]. A recentvariationof this approachreplaceghe amino-acid
sequenceavith afeaturesequence[3], usingphysicalandchemicalfeaturessuchashydrophobic-
ity, normalizedvan der Waalsvolume, polarity, polarizability, chage, surfacetension,secondary
structureandsolventaccessibility Caiet al: [3, 4] have appliedSVM to theresultingvectors,and
reportedthatthis SVMProttechniquereachesigh degreesof accurag on mary enzymeclasses,
de®nedin termsof two digits of the EC number

Theotheralternatve to straightforvard sequencsimilarity is the useof motifs. Appropriately
chosersequencenotifs may be expectedto reducenoisein the dataandto re ect actie regions
of the protein,thusimproving predictabilityof its function. A proteincanthenbe representeds
a bagof motifs' [1] (i.e. neglectingtheir particularorderon the linear sequence)or a vectorin a
spacespannedy thesemotifs. A recentinvestigation by Ben-HurandBrutlag[2], basedon the
eMotif approach9, 8] hasleadto verygoodresults.Startingoutwith 591 1oxidoreductasesyhich
®t into 129classesthey basetheir analysison 59783regularexpressioremotifs. With appropriate
featureselectiormethodshey obtainsuccessateswell over 90%for avariety of classi®ers.

Our approachs alsomotif based ts novelty is the motif extractionalgorithm(MEX) thatwe
employ. Cornventionalapproache$s] constructmotifs in termsof position speci®cweight ma-
trices, or elseusehiddenMarkov modelsand Bayesiametworks. They all rely on somesort of
supervisedapproachsuchas specifyinga particularclassof proteinsfor which somestatistical
signi®cantover-representatiors uncorered. MEX extractsmotifs from proteinsequencewithout
demandingover-representationf suchstringsof amino-acidsn the dataset. Instead,our unsu-
pervised methodrelieson overrepresentatiom small contets, asexplainedin the next section.
Moreover our motifs are speci®cstringsand not position-speci®aveight matricesor regular ex-
pressions.In the applicationdescribedelov, MEX extracts3165speci®cmotifs. This low, yet
(in our case)effective numbermay be comparedwith the 59783 regularexpressionemaotifs of
Ben-HurandBrutlag[2].

In whatfollows, we demonstratéhat an SVM analysisof oxidoreductasenzymeshasedon
MEX motifsleadsto resultsthatarebetterthanSVM basedn pairwisesequencsimilarity. It also
outperformsSVMProton theseenzymesgventhoughthelatteris basedn physicalandchemical
propertiesof the amino-acidsequenceMoreover, it is highly predictive of function,down to the
third level of hierarcly of the EC classi®cation.

The Motif Extraction Algorithm (MEX)

ADIOS [12, 13] is anunsupervisednethodfor extractionof syntaxfrom linguistic corpora. Its
basicbuilding block extractssigni®cantpatterndrom a giventext. Herewe applythis basicmotif
extraction algorithm (MEX), to the problemof ®nding sequence-maotifsvithin biological texts.
Consideracorpusconstructeef mary sequencesf variablelength,eachsuchsequencexpressed
in termsof analphabetof ®nite sizeN (e.g. N=20 amino-acidgn proteins). The N lettersform
verticesof agraphonwhichthesequencewill beplacedasorderedpaths.Eachsequencee®nes



sucha pathoverthegraph.The numberof pathsconnectinghodess usedto de®neprobabilities:

number of pathsleaving e
total numberof paths

p(e) = (1)

number of pathsmoving frome; to g
total numberof pathsleaving g

p(egje) = (2

andsoon, wheree is a vertex on the graph. In termsof all p(g je) the graphde®nesa Markov
model. Moreover, usingary pathon the graph,to be called hencefortha trial-path, we ®nd a
particularinstantiationof a variableorderMarkov modelup to orderk, wherek is the length of

thetrial-path. For eachsuchtrial-pathe; e, ¢¢te, = (e;; &) we de®nea right-moving probability
function,whosevalueatsitei;j - kis

I(e;g)

Pr(e;g) = p(gjee 184211, 1) = (e, 1)

3
wherel(e; g) is the numberof occurrence®f sub-pathge;; ) in the graph. Startingfrom the
otherendof the pathwe de®nea left-moving probability function

I(g; )
1(&;€+1)

Examplesf suchpath-dependengrobabilityfunctionsareshovn in Fig. 1.

In Fig. 1 we shav the type of structurethatwe expectto ®nd in our graph- the appearance
of coherencef pathsover somesection,or subsequencef the path. We selectthis subsequence
patternasa motif becausehe coherenceof pathsimplies thatthe samemotif appearsn several
contets, i.e. in severalpromoters.Thecriteriafor motif selectiorarederivedfrom theobsenation
thatsuchmotifs lie betweenocal maximaof P, andPg signifying the beginningandthe endof
themotif. To bespeci®cwe de®nethedropin probabilityfunctionsas

P.(g;e) = p(aje+18+2::1§,1§) = 4)

Dr(e;g) = Pr(e;g)=Pr(e;8g; 1) %)

Di(g:;e) = P.(g;e)=P.(g;€41) (6)

We introducea thresholdparametef suchthatif Dr(e;g) < “, thelocationg; 1 will be
declaredasthe end-pointof the motif. Similarly, if D (g;€e) < , &+ will bedeclaredasthe
beginningof themotif. Sincetherelevantprobabilities(Pr (& ; g ) andP, (g ; &)) weredetermined
by some®nite numbersof pathswe have to facethe problemof low statisticswhich may lead
to erroneousesults. Hencewe calculatethe signi®cancevaluesof both Dr(e;€) < ~ and
D.(g;&) <~ andrequirethattheir averagebe smallerthana paramete® < 1. In thefollowing
applicationwe will set” = 0:9and®= 0:.01
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Figurel: Thede®nitionof amotif within the MEX algorithm.Notethatthemaximaof R andPg
de®nethe beginningandthe endof the motif. Dropsfollowing the maximasignify divergenceof
pathsat thesepoints. The nodesin this ®gurearelabeledby differentletters. Note, however, that
differentlettersmay alsolabelthe samenodeappearingat differentlocationson the trial-path. In
this example,E andA mayrepresenthe samenode.

SVM functional classi cation basedon MEX motifs

We evaluatedheability of motifs extractedoy MEX to supportfunctionalclassi®catiorof proteins
(enzymes)In this experiment,we concentrate@n the oxidoreductasesuperbmily (EC 1.X.X.x).
Proteinsequenceandtheir EC numberannotationsvere extractedfrom the SwissProtdatabase
Releaset0.0. First, MEX wasloadedwith the 7095 proteinsof the oxidoreductasesuperamily.
Eachpathin theinitial graphthuscorrespondetb a sequencef aminoacids(20 symbols).MEX
wasrun on the datausingthe parameters = 0:9 and® = 0:01 The algorithmidenti®ed3165
motifs of differentlengthsthatexist in theenzymesuperamily.

Classi®cationwastestedon levels 2 and 3 of the EC on classeghat have suf®cient numbers
of elementgo ensureeasonablstatistics.Proteinsvererepresenteds bagsof MEX-motifs'. A
linear SVM classi®enSVM-Light packageavailableonline at http://svmlight.joachims.gr) was
trainedon eachclassseparatelytaking the proteinsof the classaspositve examples,andothers
asngjative examples.75% of the exampleswereusedfor training andthe remainderfor testing.
This wasrepeatedn six differentrandomchoicesof train andtestsetsto accumulatestatistics.
We have testedvarioussubset®f MEX motifs anddiscoveredthatthe subsebf motifslongerthan
®ve leadsto optimalresultsin the classi®catioranalysis.Thereare1222suchmotifs, spanninghe
spacean whichwerepresenall enzymesandclassifytheminto 16 classe®f level 2 and39 classes
of level 3.

We compareour resultsto two otherapproachesOneis SVMProt[3, 4], whoseSVM proce-
durewe have adopted Herewe usetheir publishedresults.They have measuregerformancavith



the parameter
TP+ TN

Q= TP+ TN+ FP+EN' O
whereTP, TN, FPandFN arethe numbersof true positve, true negative, falsepositve, andfalse
negative outcomegespectiely. Sincethey (andustoo) usearelatively large negative setfor each
classit is quite easyto gethigh Q values.We ®nd the Jaccardscore

_ TP
" TP+ FP+FN

(8)

to bemorediscriminatve thanQ becaused doesnotincludeTN in bothits numeratomanddenom-
inator Hencewe adoptthis scorein thecomparisonslescribedelow.

The secondmethodwe compareourselesto is basedon a oneversusall sequenceimilar
ity approach. We usethe Smith-Waterman[11] algorithmon all pairs of oxidoreductasethat
were analysedoy MEX. We have usedthe ariadnetool (written by R. Mott, available online at
http://wwwwell.ox.ac.uk/ariadne)The resultingmatrix M sy of p-valuessenesasa distance-
matrix to be usedasinput for an SVM classi®cation.We imposea minimal p-valuethresholdat
10 ©, andthenusethe logarithmsof the p-valuesto de®nea normalizeddistancematrix Dsyy .
This procedures similar to the approactof [7]. We differ somavhatin the restof the analysis,
by usingthefull line of Dsy asthe vectorspecifyingan enzyme andthe sameSVM procedure
(linearkernel)asemployed on the "bagof MEX motifs'. Learningexperimentswvere conducted
by preprocessinghe dataseto producean appropriatanput ®le for the learningtask. Eachex-
perimentwas conductedusinga random75% : 25% partition of the datainto a training setand
a testingset, respectrely. We have run threeexperimentsfor eachinput ®le and calculatedthe
averagescoreandstandardieviation.

In Fig. 2 we comparehe Jaccardscoresof MEX with the Smith-Watermaranalysisandwith
SVMProtresults(the latter have no errorson thembecauseonewereincludedin the published
results).ClearlyMEX scoresarethebest. The averageJ-scoresare0:898 0:06 for MEX, 0:748
0:13for SVMProtand0:798 0:12for the Smith-Watermaranalysis.

An interestingobsenation from Fig. 2 is thatthereis no correlationbetweerthe size of the
classandthe succes®f thetoolsthatwe apply. Clearly, if the sizeis too small,i.e. therearetoo
few enzymesavailablein the class,theremay exist large variancein differenttrials of train/test
divisions,hencearge errorbars.However, in generalthe averagel-valuesarehigh, independent
of theclassthatis beingtested.

On level 3 of the classi®catiorthereareno publisheddataof SVMProt. In Fig. 3 we present
the comparisonbetweenMEX andthe Smith-Watermananalysis. MEX hasa clear adwantage,
bothin thelargeclassl.1.1andoverall. Theaveragel-scoresre0:898 0:08 for MEX and0:788
0:15 for Smith-Waterman.We canthusconcludethatthe MEX selectednotifs carry meaningful
informationfor ®netunedclassi®catiorof theseproteins.
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Figure 2: Jaccardscores(seede®nitionin text) for second-leel EC classesaccordingto MEX
(upperframe) Smith-Waterman(secondframe) and SVMProt (third frame). The lowestframe
displaysthe size of eachclass. The classesrelabeledby their EC numberandarerank ordered
accordingto size.



Figure3: Tableof J-valuesderivedfrom MEX andcomparedvith the Smith-Watermananalysis,
correspondingo classestlevel 3 EC classi®cation.
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Motif selection

MEX hasextractedmotifs of variouslengths. We have testedthe predictve power of SVM on
enzymeclassi®cationalongthe lines describedabore, by selectingparticularsubsetof motifs
accordingto the length of the motif. We discoveredthat the subsetof motifs of length 6 gave
excellentresultson its own, quite closeto thosequotedin the previous sectionthatwerederived
for all motifs longerthan5.

To understandvhy this is the caselet us askwhich of our motifs is uniqueto only oneof the
enzymeclasses.The statisticsof the resultsaredisplayedin 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 the 601 motifs of length6, 493 areuniqueto only onesingleEC classat the
third level. Yetthese493 motifs arenot suf®cientfor the classi®catiortask,sincetheir coverage
of all proteinswithin one EC classis limited. In the large class1.1.1,containing1699proteins,
therelevant 125 motifs of length6 thatareuniqueto this classappeaon only 63%of the protein
sequencesNonethelessa classi®cationtask basedon all length 6 motifs (addingjust 108 non-
uniguemotifs) allows usto obtaina Jaccardscoreof 0:918 0:03for this classandoverall J-values
of 0:898 0:06for level 2 and0:868 0:13for level 3. It is only onlevel 3 thatlimiting oursehes
to motifs of length6 only led to a lower resultthanthe onequotedin the previous section,which
was0:898 0:08. Thisis the pricewe payfor moving from the basisof 1222motifs longerthan5
to the basisof 601 motifs of length6 only.

Fig. 4 leadsto aninterestinginsightwhy, if we baseour SVM analysison all motifs longer
than4, thequality of theresultsdeterioratesaveragel-valuesareloweredto 0:838 0:09for level
2and0:838 0:14for level 3. Thereasomustbethelargefractionof non-uniquemotifs of length
5, thatharmthe quality of theanalysis.

Discussion

We haverunour MEX algorithmonagroupof 7095enzymesandthemotifsthatit hasconstructed
turnedoutto form anexcellentbasidfor classifyingtheseenzymesnto smallclasse&nown to have
differentfunctionalroles.In fact,they seneto de®nethe bestclassi®catiormethodfrom structure
to functionon thetestedenzymesuperémily.

We have comparedur resultswith two approaches:

1. Classi®catiorbasedn pairwisesequencsimilarity, of thetypeemployedby [7]. Werunthe
systemusingthe sameSVM procedurehatwe employ for MEX. Theresultsdemonstrate
that MEX derived motifs form a betterbasisfor classi®cation thus indicating that their
selectionmprovesthe signal/noisenherentin theoriginal sequences.

2. TheSVMProtmethodof [3, 4]. We have usedtheir publishedesultsto drawv thecomparison
on level 2 data. Our resultsshov that we do better althoughtheir methodis basedon
semantidnformation,i.e. physicalandchemicalpropertiesof the sequencef amino-acids.
Thisis anotherindicationthatthe MEX selectednotifs carryrelevantinformation.
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Figure4: Thenumberof MEX motifs of lengths5-10. Thethreesetscorrespondo (left) all motifs,
(middle) uniquemotifs to single classest level 2, and (right) uniquemotifs to single classesat
level 3.

It shouldbe notedthatthe our classi®cations carriedout by usingjust 1222 motifs of length
6 andover, andsimilar resultscanalsobe obtainedfrom just the 601 motifs of length6. These
aresmallnumbersof featureggiventhe factthatthey sene to describeb5 classi®catiortasksfor
about7000 proteins. All motifs are composedf deterministicconsecutie and speci®camino-
acids. This is differentfrom the regular expressionf eMotifs, the basisof the analysisby [2],
or thegenerabhpproactof probabilisticrepresentationd®SSM)socommonin Bioinformatics[5].
This makesthe smallnumbersof MEX motifs evenmorestriking. Thedeterministicnatureof our
motifsis aresultof thelogic usedby MEX. This doesnot contradictthe possibleapplicabilityof a
PSSMstructure.Thelattercouldbeanaturalrepresentationf clustersof MEX motifsthatappear
to have thesamerole, but therewasno needfor it in theanalysisof the oxidoreductasenzymes.

The applicationof the MEX algorithmstudiedhereis a ®rst level of featureextractionfrom
biologicalsequenceddigherlevel patternanaybeextractedby repeateapplicationof MEX after
the obsened sequence-motifareincorporatedasverticesin the MEX graph. Moreover, the full
extentof the ADIOS approact13] mayleadin thefutureto revealinghighersyntacticstructures
in biologicalsequencelata.
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