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Abstract

Analyzing protein sequencedata becomesincreasingly
important recently Most previous work on this area has
mainlyfocusedon building classi cation models.In this pa-
per, we investigatan the problemof automaticclusteringof
unlabeledprotein sequencesAs a widely recanizedtec-
niguein statisticsand computerscienceclusteringhasbeen
proven very usefulin detectingunknownobject categories
andrevealinghiddencorrelationsamongobjects. Onedif -
culty that preventsclusteringfrom being performeddirectly
on proteinsequencés thelack of an effectivesimilarity mea-
sure that can be computedefciently. Theiefore, we pro-
posea novelmodelfor proteinsequencelusterby exploring

signi cant statistical propertiespossessebly the sequences.

The conceptof impreciseprobabilitiesare introducedto the
original probabilistic sufx treeto monitorthe corvergence
oftheempiricalmeasuementandto guidetheclusteringpro-

cess It hasbeendemonstatedthat the proposednethodcan

successfullgliscorer meaningfulfamilieswithoutthe neces-
sity of learning modelsof differentfamiliesfrom pre-labeled
“tr aining data”.

1 Intr oduction

During recent years, mary efforts have been carried
out on analyzing protein sequences. Research(Apos-
tolico&Bejerano, 2000, Bailey&Grundy, 1999, Bejer
ano&Yona,1999,Dorohonceanu&Neill-Manning, 2000)in
thisareafocuseonmodelingandclassifyingproteinfamilies
basedon function, structureandhomology Despitethe dif-
ferencesn modelde nition and/oralgorithmdetails,amajor
assumptiorof previous work is that the protein families or
functional categgoriesare known in advanceand the protein
sequencessedto build theclassi cationmodelareproperly
labeledwith the correspondingamilies/catgories. In this
paperwe arestudyinga slightly differentbut morechalleng-
ing problem— clusteringunlabeledprotein sequencefto
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groups/amilies/catgoriesautomatically

Clusteringhasbeenwidely recognizedsapowerful tech-
niguein statisticsandcomputerscienceandhasbeenstud-
ied extensiely during recentyears. The majorgoal of clus-
tering is to createa partition of objectssuch that objects
in eachgroup have similar features. The result can po-
tentially reveal unknavn objectgroups/catgoriesthat may
leadto a betterunderstandingf the nature. Most research
on clusteringfocusedon numericaldomainsand assumed
metric spacein mary cases.In mary of thesemodels,the
similarity betweenobjects can be de ned in a clear and
relatively straightforvard way. In mostof previous work,
the similarity betweentwo protein sequencess measured
by the maximumalignmentbetweenthem, e.g., ProtoMap
(http://lwww.protmap.cs.huji.ac.il)To employ the maximum
alignmentmethod,the similarity betweeneachpair of se-
guenceds computedand basedon the pairwise similarity,
adirectedgraphis constructedvith theverticesrepresenting
the sequencendthe edgesrepresentinghe similarity. Fi-
nally, the clustersof sequencesre the strongly connected
componentdn the graph. However, this approachsuffers
from two aspects.(1) The computationis costly To com-
putethe pairwisesimilarity of eachsequencethe complexity
is at least where and arethe numberof se-
guencesndtheaveragdengthof asequencé thedatabase,
respectiely. The secondstepof nding the strongly con-
nectedcomponentmay also be time consumingdepending
on the actualmethodused. (2) The incrementalclustering
would beveryinefcient. After clusteringa setof unlabeled
sequencesf more sequenceseedto be clusteredthenall
the pair-wise similarity betweenthe unclusteredand clus-
teredsequencesandamongthe unclusteredsequenceseed
to becomputed.The compleity is atleast
where isthenumberof new sequencedn reality, thepro-
tein sequenceare not available at once. Almost thereare
new sequenceavailableateachmonth.As aresult,it is ben-
e cial to employ a methodwhich combinesthe model and
clusteringof protein sequencdogetherso that oncea new
sequenceaeedsto be clustered,we cansimply compareto
the discoreredmodelsof the clustersto identify which clus-



terit shouldbein or it belonggo anew cluster(if it doesnot
t to ary model).

An alternatve approachs to utilize the sufx treestruc-
ture to explore signi cant patternsof the proteinsequences
and usethesepatternsto evaluatethe similarity, originally
introducedin Bejerano&Yona(1999)and Ron et al.(1996).
More speci cally, thesepatternscan be usedto assesshe
similarity betweera pair of proteinsequenceandbetweera
proteinsequencanda cluster(of proteinsequences)Jnder
this model, proteinsequencebelongingto one clustermay
subsumeo the same(or a similar) probability distribution
of aminoacids(conditioningon the precedingsegmentof a
certainlength),while differentclustersmayfollow different
underlyingprobability distributions. This feature,typically
referredto asshort memory which is commonto mary ap-
plications,indicateshat,for acertainsequenceheempirical
probability distribution of the next symbolgiventhe preced-
ing segmentcanbeaccuratelyapproximatedby observingno
morethanthelast symbolsin that sggment. Signi cant
featuresof such probability distribution can be very pow-
erful in distinguishingdifferentclusters(Bejerano& Yona,
1999). The sufx tree (or its variations) (Farach, 1997,
Grossi&\tter, 2000,Gus eld, 1997,McCreight,1976,Ron
et al., 1996, Ukkonen,1995) hasbeenprovento be a very
successfuiodelto capturesigni cant patternsn symbolse-
guencesWith regardto the problemaddresseth this paper
the sufx tree structurecan be utilized to sene asa com-
pactrepresentatioto summarizesigni cant patternsshared
by membersf eachcluster The model canbe easilyused
to identify andorganizesigni cant appearancesf sggments
amonga clusterof sequencesegardlessof the relative po-
sitionsof thesesggmentswithin differentsequencesThese
signi cant patterngmply certainfeatureghatis commonto a
large subsebf sequencem the clusterandrevealimportant
statisticalpropertiesof the cluster In practice,they induce
a (conditional) probability distribution of the next symbol
giventhe precedingsggmentswhich canbe usedin estimat-
ing the similarity betweera sequencanda cluster Thekey
ideais that,by extractingandmaintainingsigni cant patterns
characterizingpotential) sequencelusters,one can easily
determinewhethera sequencehouldbelongto a clusterby
calculatingthe likelihoodof (re)producinghe sequencein-
der the probability distribution that characterizeshe given
cluster

In this paperwe alsoadoptthesufx treestructureasthe
foundationto supportour similarity measureln addition,we
introducea novel techniqueto determinethe corvergenceof
eachclusterandto incorporateavailableprior knowledge.A
pair of upperandlower probabilitiesis usedto quantify the
rangeof the true probability. It hasbeenproventhat such
probability rangeis guaranteedo corvergeto a singlevalue
aftersufcient trialsif theunderlyingprobabilitydistribution
remainsstatic. An opengap betweenthe upperand lower

probabilities (after sufcient trials) is indeeda good indi-
cation of the heterogeneityof the probability distributions,
which in turn implies that the correspondingequencebe-
long to multiple clusters. Therefore the convergenceof the
impreciseprobabilitiescan well sene asthe touchstoneo
trigger necessarglustersplit andto determinethe termina-
tion of the clusteringprocess.This providesthe opportunity
to designanintegratedclusteringprocesghatallows a more
e xible and systematicswitch betweenmodel training and
splitting, comparingo theannealingnethodproposedn Be-
jeranoetal. (2001)which consistof iterationsof soft clus-
teringandprogressiere nement.

As we shall explain in more detail later, a sufx treeis
maintainedfor each(potential)clusterof proteinsequences
in our proposedscheme. Eachnode in the sufx treeis
associatedvith an occurrencecount anda vector
of entries,eachof which correspondgo a distinct sym-
bol, , andconsistof anempiricalprobability anda
pairof lowerandupperprobabilities ~ .The
counter keepstrack of the numberof occurrences
of the pathlabel of . Theprobability vectormonitors
boththe empiricalvalueandthe potentialrangeof the condi-
tional probability of observingthe symbol,say , right after

in aproteinsequenceStartingfrom or someother
initial rangebasedn the prior knowledge therangede ned
by thelower andupperprobabilitieswill be continuouslyre-
ned andeventuallycornvergeduringtheclusteringprocess.

Theremainderof this paperis organizedasfollows. Sec-
tion 2 gives somebackgroundcknowledge of the imprecise
probabilities. The formal de nition of the proteinsequence
clusteris providedin Section3. Section4 presentghe clus-
tering algorithmwhile Section5 discussesomeimplemen-
tationissue.Someexperimentaresultsareshovn in Section
6. Theconclusionsaredravn in Section?.

2 Background on Impr eciseProbability

The conceptof impreciseprobability was introducedin
Walley (1991)to accommodateincertaintydue to the lack
of knowledgeor informationcon ict. In contrastto thetra-
ditional probability measurdhat utilizes a singlenumberto
representhelik elihoodof anevent,theimpreciseprobability
measuremploys a pair of numberspamelya lower proba-
bility andanupper probability, to representherangeof the
likelihoodof anevent. This providesthe opportunityto rep-
resenthedegreeof uncertaintyin additionto the probability
expectation. The differencebetweenthe upperprobability
andthe lower probabilityis de ned asthe degreeof impre-
cision. For instancethe probability (of traditionalmeaning)
of theeventthata“head” occursfrom atossof acoinis 0.5if
no informationis availableon the fairnessof the coin while
theimpreciseprobability of the eventis andthedegree
of imprecisionis 1.



Let  and_  bethe(prior) upperandlower proba-
bilities of the event , the posteriorupperandlower proba-
bilities after observing occurrencesut of a setof trials

canbeobtainedasfollows.

is calledthe learning parameterandis usedto control
theweightof the prior probabilitiesin calculatingthe poste-
rior probabilities. For example,if the prior probability and
thecurrentexperimentgi.e., observing occurrencesut of
asetof trials) have equalweighttowardstheposteriomprob-
ability, thenwe have and

_ — @

The higherthe valueof , the morethe weight of the prior
probabilitiesand the lessthe weight of the currentexperi-
ments.It hasbeenproven(Walley, 1991)that

1.if _ - (thatis, the resultof the exper

imentsis consistentwith the prior probabilities),then

the posterior degree of imprecision __ s

lessthan or equalto the prior degreeof imprecision
;and

2. _ - regard-
lessof the prior probabilities.

Thesetwo propertiesarevery importantandprovide the mo-
tivation andjusti cation of our clustersplitting strateyy and
guarante¢heterminationof our clusteringalgorithmin prac-
tice.

3 Protein SequenceCluster

We now formalizethe problemthatwe try to solvein this
paper Let be the setof all possible
symbols.In thedomainof proteinsequencesherearetotally
20 aminoacids, eachof which is representedby a distinct
symbol. A sequencds anorderedist of symbolsin . The
numberof symbolsin a sequencés referredto asthelength
of the sequenceGivena sequencea segmentis de ned as
a consecutivgortion of the sequenceFor example,“ba” is
a substringof “abab” while “aa” is not. Corventionally we
usetheterm“sequence'to referto awholesymbolsequence
in the databasevhile theterm“segment”to denotea portion
of somesequencén this paper A sequencedatabaseis a
setof sequencesGivenasequencéatabasequr objectiveis
to catgyorizethesesequencemto clustersaccordingto their
structuralsimilarities. The similarity measurds built upon
statisticalpropertiesof the sequencesMore precisely the
conditionalprobability distribution (CPD) of the next sym-
bol right after someprecedingseggmentis employedto rep-
resentthe structuralpropertiesof a singlesequencer a set

of sequences.Oneway to evaluatethe similarity between
two sequence®r amonga setof sequencess to compute
the differencebetweenthe correspondingonditional prob-
ability distributions. Therehave beenmary methods(e.g.,
the Kullback-LeiblerDivergence(Lin, 1991))to assesshe
differencebetweentwo probability distributions. The main
themeis thatthedifferencebetweertwo probability distribu-
tionsis measuredsan aggrejationof differencede ned on
eachpossiblesegment(up to a certainlength). The longer
the sggmentconsideredn the computationthe moreaccu-
ratethe differencemeasure.lf we considersegmentsup to
length , thenthereare distinctsggments.Thecom-
putationalcompleity of calculatingthe differencebetween
two probability distributionsis exponentialwith respectto
thelengthof the segmentconsideredThis is very time con-
sumingwhenthe segmentlengthis reasonablyong, which
is typically the casein the problemsin which we are inter-
ested.Looking aheadthe operationof differencecalculation
will be performednumeroudimesduringthe clusteringpro-
cessandcontributesthemajority of theentireexecutiontime.
To avoid the expensve distancecomputationwe emplgy an
alternatve method(Bejerano&Yona,1999). The key ideais
that,givenasequenceluster andtheconditionalprobabil-
ity distribution modelingit, a sequencshouldsubsumeo
a similar conditionalprobability distribution if the sequence
can be predictedunder  with relatively high probability.
The probabilityto predicta sequence is

is theconditionalprobabilitythat
is the next symbol right after the segment
in the sequenceluster . This predictprob-
ability cansene as an indicator of the similarity between
the sequence andthecluster . If thevalue of is
sufciently high, thenwe may concludethat the sequence
subsumes similar CPDto thatof andmay be consid-
ereda memberof . To accommodatsequencesf differ-
entlengths.the valueof shouldbe normalizedby the
lengthof . The probability that is generatedby
a randomgeneratoraccordingto the symboldistribution in
the sequencalatabasaan be usedasthe basisof the nor
malization. We have where is the
probabilityof observinghesymbol in ary give positionof
ary sequencén the entiredatabaseThe similarity between
thesequence andthecluster canthenbede nedas

where
the symbol

Note that this similarity measureworks well underthe as-
sumptionthattheentiresequencef followsasingleCPD.



This may not be alwaystrue. Sometimedgifferentportions
of a sequencenay subsumeo differentCPDs. (An exam-
ple would be the multi-domainproteins.)Theabove similar-
ity needso be modi ed to accommodatéhis situation. The
similarity betweerasequence andacluster isthemaxi-
mumsimilarity betweerary continuoussggmentof and .
Thatis

)

indicatesthatthereis someevidenceto shov
thatthe sequence subsumeshe CPDof ; andthehigher
the value of , the strongerthe evidence. If a se-
guence producesasmall (e.g.,lessthan1) for ev-
ery cluster then is deemedo be anoutlier. A threshold
( ) is employedto separatelusteredsequencefrom
outliers. isreferredto asthesimilarity thresholdin there-
mainderof this paper If thevalueof exceeds, we
maythink that hassufciently high similarity to the clus-
ter . Thisleadsto ourde nition of sequenceluster which
requireseachsequencén aclusterto be predictedwith high
probabilityfrom the CPD of thecluster

De nition 3.1 A setof sequences, , is a sequencecluster
if, for each sequence in , thesimilarity between
and is greaterthanor equalto somethreshold .

Thethreshold is utilized to controlthe clusterquality. Intu-
itively, shouldbesetto avaluegreateithanlin orderto pro-
vide a meaningfulseparatiorbetweenclusteredsequences
andoutliers. In practice,the propervalueof canbe speci-
ed by theuserdueto its applicationdependenhature. An
extensve studyregardingthis issueis left to the full version
of this paper Givena sequencelatabasandauserspeci ed
parameter , ourobjectiveis to groupthesesequencemto
clusterswhere . (The default valueof is 2.) Note
thatit is possiblethat a sequencdelongsto multiple clus-
terssincedifferentportionsof the sequencenaydeliver high
similarity scoresto different clusters. Before we formally
presentheclusteringalgorithm,we rst give someterminol-
ogy usedin the following discussionand describethe data
structureemployedduringtheclusteringprocessA sggment
of length is calleda suf x of asequence of length

( ) if for is also
calleda proper sufx of if . Similarly, a sggment

of length is calleda pre x of asequence of length
( ) if for . Again, isalso
calledaproperpre x of if . Forexample, , , ,
and arepre xesof ,whereas , , ,and

aresufx esof . In theremaindeof this paperwe some-
time omit theword “proper” if noambiguitywill beincurred.
Givenasequencelatabasanda pre-speci edthreshold , a
segmentis calledasigni cant segmentf it appearsitleast
timesin thedatabaseandis calledaninsigni cant segment
otherwise. is referredto asthesigni cance thr eshold

During theclusteringprocessa probabilisticsufx treeis
utilized to storethe “summaryinformation” of eachcluster
The probabilisticsufx tree(PST)wasoriginally introduced
in Ronetal. (1996)andusedlaterin Bejerano&Yona(1999)
for identifying and organizingsigni cant sggmentsamong
input sequencesA PST on a setof sequencesver an al-
phabetis a rooteddirectedtreewherethe pathfrom the root
to eachnodecorrespondso a distinct sgmentthatappears
in the sequencset. Figure1(a) shows a portionof aPSTin
landscapemode. The concatenatiorof the edge-labelson
the path from a nodeto the root exactly spellsout a seg-
mentin the sequenceset. This segmentwill be referredto
asthe path label of the nodein the remainderof this pa-
per. We sometimesalso say a nodeis labeled with a seg-
ment if isthepathlabelof the node. For example,
is the pathlabel of node in Figurel(a). A key featureof
the PSTis that eachnodeis also associatedwith a proba-
bility distribution vector
over the alphabet , which corresponds
to the probability distribution of the next symbol giventhe
path label of the node as the precedingsegment. The tu-
ple atnode representthattheprobability of
observing right afterthesegment andthe probability of
observing after are0.406and0.594,respectiely. (That
is, and .) In addi-
tion, acountemaybeassociateavith eachnodeto trackthe
numberof occurrencesf the correspondingpathlabel. The
numberinside eachnode(e.g.,96 in node ) in Figure1(a)
is the countof the correspondingpathlabel (e.g., ) in the
sequenceet. A nodeis a signi cant nodeif its pathlabel
occursatleast timesin thesequencaetandis aninsignif-
icant node otherwise.The dashedine separateshe signi -
cantnodesfrom therestif in Figurel1(a).

Looking ahead,the clusteringprocessterminateswhen
the probability distribution vector associatedvith eachsig-
ni cant node has been*“stabilized”. The impreciseprob-
ability comesinto play in determiningthe corvergenceof
eachentry of the probability distribution vector A pair
of lower probability and upper probability is maintained
for eachentry during the courseof clusteringto quantify
the potentialvariation of the actualprobability. Therefore,
eachentryin the probabilitydistribution vectornow contains
atriple ~ where is used
to storethe (empirical) probability of observingsymbol
right after observingthe pathlabel of the nodeandthe pair

~ representshe potentialrangewherethe
true probability fails in, which is computedfrom previous
experimentsand/orprior knowledge. A probability entryis
consideredstabilizedif the gapbetweerthelower andupper
probabilitiesdiminishes. Given a pre-speci edthreshold ,
we saidthata nodecorvergesif the differencebetweenthe
pair of upperandlower probabilitiesis belonv  for every en-
try in the probability distribution vectorassociatedavith this
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Figure 1. The Probabilistic Sufx Tree

node. will bereferredto asthe corvergencethr esholdin
the remainderof this paper We refer to the tree with the
impreciseprobabilitiesas the impr eciseprobability suf x
tree(IPST)in orderto distinguishit from the original proba-
bility sufx tree(PST).An IPSTis saidto corvergeif every
signi cant nodein thetreecornverges. Figure1(b) shavs an
exampleof the probability distribution vector of node in
Figure 1(a) whenthe impreciseprobabilitiesare employed.
it is easyto seethatnode doesnotcornvergeatthis moment
if .
Givenasegment

theprediction node of

andanode inthelPST, iscalled

1. if issignicant, and

is thepathlabelof or

is apropersufx of 'spathlabelandthe path
labelof 'sparentis apropersufx of ;

2. if  isinsigni cantandthepathlabelof isthelongest

signi cant sufx of

For example,the predictionnodeof is  while the pre-

diction nodeof is in Figurel(a).

4 Algorithm

Ourproposedlusteringalgorithm(CLUSEQ)usesanim-
preciseprobability sufx treeto storesigni cant featuresof
eachsequenceluster Thepseudo-codes presenteéh Algo-
rithm A.1 (in theappendix).The CLUSEQalgorithmtakesa

,asufx is calledthelongestsig-
is signi cant andary longersufx is

Givenasegyment
ni cant sufx if
insigni cant, where

sequencelatabase togetherwith four parameters
astheinputandproduces setof clusters At the
beginning,all sequenceim thedatabasareunclusteredThe
generalideaof CLUSEQIs that, startingfrom asetof ini-
tial clustergLine 1), aniterative procesgLine 4to 43)isem-
ployedto continuouslyimprove the quality of the clustering.
Eachinitial clustercontainsonly one sequence.To obtain
the initial clusters, sequencethathave little similarity to
eachotherare dravn from the database . While anIPST
is maintainedfor eachclusterduringthe mining processan
IPST is constructedfor eachdravn sequencedo represent
the statusof the correspondingnitial cluster Later, during
eachiteration,asequencavill be examinedagainsthelPST
of every cluster(Line 7 to 16) to identify the similar one(s)
andto updatethe IPST(s)accordingly Givena sequence
anda cluster , the similarity canbe calculatedaccording
to Equation2. A sequencés assignedo the cluster(s)that
producessufciently high similarity. If  haslow similarity
to every cluster thenit would remain“unclustered’(i.e., as
anoutlier). The similarity threshold is employed (Line 11)
to separatelusteredsequencefrom therest. The sequence

canbe consideredh (new) memberof someclusteronly if
the similarity is greaterthan . Then,a validationprocesss
performed(Line 20 to 38) to checkthe corvergenceof each
clusterandwhethera split is necessaryAt the endof each
iteration,we alsocheck(Line 39to 43) whetherthereexist a
largenumberof outliers(e.g.,morethan10%of overall pop-
ulation). If so,it is possiblethatsomeclusteris still missing.
In thiscaseadditionalseed(syill begeneratedrom outliers
to initiate new clusters.The entireclusteringprocedureends
whenthe every IPST corverges. We now discusseachstep
in detailin thefollowing subsections.



4.1 Similarity Estimation

The similarity estimationis very crucialto boththe accu-
ragy andef ciency of the CLUSEQalgorithm.Givenanim-
preciseprobabilisticsufx tree thatmodelsthecluster

, thesimilarity of asequence to isdened
by Equation2. A dynamicprogrammingmethodcanbeused

to calculate viaasinglescanof . Let
Then, canbeobtainedby
and

The valueof canbe obtainedby lo-
cating the predictionnode of in . This
canbe doneby traversingfrom the root of alongthe

path until ary further advance
(alongthe path)would causethe countbelow the threshold
. For example,during the estimationof , the pre-
diction nodeof in thetreein Figure1(a)canbe located
by traversingfrom the root along the path f
, thenwe stopat node ( ) in Figure 1(a),
whosepathlabelis . We canthenobtainthe value

of by retrieving the entry correspond-
ingto in theprobabilityvectorassociateavith the predic-
tionnode . Thatis,

. In the above example,

Thecomputationatompleity of estimatinghesimilarity
is where is thelengthof the sequenceNevertheless,
the actualcomputationtime is signi cantly below this the-
oreticalbound. With the help of someadditionalstructure
(e.g., auxiliary links), the computationalcomplexity could
be reducedto Due to the spacelimitations, we will
notdiscusst in detail.

4.2 SeedGeneration

Let bethe numberof clustersthat needto be initiated
at the beginning of the process. The goal of this stepis
to generatethe seedclusters. Since eachclusteris repre-
sentedby animpreciseprobabilisticsufx tree. Thefunction

(Line 1 of Algorithm A.1) returnsa setof
IPSTs. Intuitively, eachseedshouldhave aslittle similarity

to otherseedsaspossible. A straightforvard way to gener
ate seedss to computethe pairwisesimilarity betweenev-
ery pairof sequenceandthenchoose sequencewith least
similarity to eachotherto sene asthe initial clusters.This
would require similarity computationwhichis very
inefcient when is alarge databaseTo expeditethe pro-
cesswe employ a samplingtechniqueandrestrictthe scope
of seedselectiornto thesetof samplesequencedAt thebegin-
ning, asetof  sequences areselectedran-
domlyfromthesequenceatabase where . Foreach
samplesequence , anIPST is constructed.From
these IPSTs, treeswill be chosenasthe initial seeds.
The following heuristicscan be usedto choosethe optimal
seedslet bethesetof seeds. isinitializedto beempty
A greedyalgorithmis carriedout, which consistf  steps.
At eachstep,eachremainingsamplesequencés examinedto
calculatethe highestsimilarity to ary seedin , andamong
them, the sequenceavith the leastsimilarity to all seedsin
is selectecandputin . At the endof this procedure,

would consistof seeds.

One questionthat may be raisedat this point is how to
setthevalueof . A verylargevalueof would assure
a promisingquality of the generatedeedsbut incur signi -
cantcomputationwhile averysmall  would generatdess
optimalseedswhichin turn maycausehealgorithmto con-
sumelongertime to reachthe terminationcondition. (This
canbe obsened from the experimentalresultin Section6.)
Thebestscenarids thata sequencén eachof the clusters
is selectedasa seed. To make it possible,at leastone se-
guencein eachclustershouldbein the sampleset. For the
sale of simpleexplanation,let's assumehatall clustersare
of the samesize and a randomlydravn sequencéas
probabilityto belongto eachcluster The probabilitythatno
sequencéasbeendravn from agivenclusterafter trialsis

—— . Thentheprobabilitythatthereexistsa clusterfrom
whichno sequencéiasbeendrawn in the sampleis lessthan

—— . Thustheprobabilitythatat leastonesequence

is drawn from eachclusteris greaterthan —
As we canseefrom theplot in Figure 2, this probability ap-
proaches quickly with increasingvalueof  andthe prob-
ability is sufciently high when (The x-axis in
Figure2 representsheratio —.) Notethatthecurvesin Fig-
ure 2 are(conserative) lowerboundof the actualprobabil-
ities. (The actualprobabilitiesshouldbe much higher) In
theremaindeiof this paper we set unlessotherwise
speci ed. The computationatompleity of the seedgener
ation processs where and
arethe numberof clustersandthe averagesequencéength,
respectiely.

Duringthecourseof clusteringjt maybenecessaryo ini-
tiateadditionalclusters.In this case additionalseed(s)Line
42in Algorithm A.1) canbegeneratedh asimilarfashionto
the generatiorof initial seedswith oneexception: the addi-
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tional seed(s)chosenfrom the setof outliers)needto have
low similarities not only to eachotherbut alsoto existing
clusters.

4.3 Impr eciseProbabilistic Suf x Tree Construc-
tion for a Sequence

Givenasequence , animpreciseprob-
abilistic sufx treecanbeconstructedy in a similar way to
build a probabilisticsufx tree(Bejerano&Yna,1999).The
only differenceis that,in anIPST, eachprobabilityentry as-
sociateswith a pair of lower and upperprobability bounds.
Thevaluesof theselower andupperprobabilitiesareinitial-
izedto be0 and1 respectiely. The computationatomplex-
ity of building an impreciseprobabilisticsufx treeis lin-
early proportionalto the lengthof the sequenceDueto the
spacdimitations, we will not elaborateon thesealgorithms.
Interestedreadersleasereferto the individual papersfor a
detaileddescription.

4.4 Updating the Impr ecise Probabilistic Suf x
Tree

Every time a sequences consideredsimilar to a cluster
the impreciseprobabilisticsufx tree of the clustershould
be updatedaccordingly(Line 13in Algorithm A.1). Instead
of insertingthe entiresequenceo theimpreciseprobabilistic
sufx tree,only the portion that produceshe high similar
ity scoreswill be used. This procedures exactly the same
asmaintaininga probabilisticsufx treesincetheimprecise
probabilityrangesonly needto berecalculatedncefor each
iteration and can be performed(Line 26 to 27) during the
clustervalidation. Thecomputationatomplexity of updating

theprobabilisticsufx tree(s)to re ect thechangeregarding
asequence is where isthelengthof

4.5 Cluster Convergenceand Split

A validationprocesqLine 20 to 38in Algorithm A.1) is
carriedoutto on eachclusterto checkwhethertheimprecise
probabilisticsufx treecorvergesandwhethera clustersplit
needsto be performed. The convergenceof anIPST canbe
testedvia a traversalof the IPST. For eachnodein thetree,
thelowerandupperprobabilitiesof eachsymbol is updated
accordingo Equationl (Line 26,27). Here,we assumehat
the prior probability andempirical probability of the current
iterationhave the sameweight towardsthe posteriorproba-
bility for the sale of simplicity. If the nodeis a signi cant
nodeandthesetwo probabilitiesdiffer morethan for ary
symbol,thenthe nodeis consideredot corverged (Line 32
to 34). If ary signi cant nodedoesnot corverge, thenthe
IPSTis consideredhot corverged.lt is possiblethatanIPST
will nevercorverge. This mayhapperwhenthelPSTindeed
represents mixture of multiple CPDs. To addresghis sce-
nario, during the corvergencetest, if the averagedegreeof
imprecision of signi cant nodesfails to improve from pre-
viousiteration(s)(Line 34), a split procedurgLine 37) will
be invoked. Two sequencesf this cluster which have (rel-
atively) low similarity to eachother arechoserasthe seeds
of thenew clusters.

Finally, if alargenumberof sequencearelabeledasout-
liers attheendof aniteration,thereis a chancethatsomeof
theseoutliersmayactuallybelongto someclusterthatfailsto
beidenti ed. This scenariamay happenduringthe rst sev-
eraliterationsof themining processsincetheinitially picked

clustersmay be inadequateo represenatll clustersin the
databaseA new clusterseedwill thenbe picked from out-
liers. Consequentlythe numberof clustersncreases.

4.6 Complexity Analysis

The entire processterminateswhen all IPSTscorverge.
Theoverall computationatime greatlydepend®n the num-
berof iterations(Line 4 to 43in Algorithm A.1) actuallyex-
ecuted. The computationakcompleity of eachiterationis

where , ,and
arethe numberof sequence the databasethe number
of clustersandthe averagesequencdength,respectiely. If
the numberof iterationsusedis , thenthe overall com-
putationalcompleity is
since

By de nition in Section2, theaveragedegreeof imprecisionis equalto
theaverageof the gapsbetweerower andupperprobabilities.



5 Discussion

In this section,we discusssomeissueshatin uence the
accurag andefciency of CLUSEQ.

5.1 Limited Memory Space

In practice,the memoryspaceis usuallylimited andthe
size of eachimpreciseprobabilistic sufx treeis also re-
strictedby the availablememory In CLUSEQ, treesneed
to be maintainedhroughouthe entireprocesspnefor each
cluster Eachtreecanoccupy up to — of the entire mem-
ory. Eventhoughthesigni cant nodesplay adecisiverolein
similarity estimationpothsigni cant andinsigni cant nodes
arekeptuntil the size of the treereacheghe memorylimit.
This is becausaninsigni cant nodein atreemayturninto
a signi cant oneif more sequencegoin the corresponding
cluster Oncethesizeof atreegrows beyondthislimit, some
nodeshave to bepruned.Severalstratgiescanbe employed
to conductthe nodepruningsothatthe remainingportion of
thetreekeepsasmuchinformationaspossible.

1. Prunenodewith smallestcount r st. Intuitively, node
with smallercountwould have lesschanceto become
signi cant node.Thereforethe pruningof suchnode(s)
will belesslikely to impactaccurag of similarity esti-
mation.

2. Prune nodewith longest path label r st. This is in-
spired by the short memoryproperty that exhibits in
mary applicationsThispropertyimpliesthattheempir
ical probabilitydistributiononthenext symbolgiventhe
precedingsggmentsof length  haslesschanceto dif-
fer substantiallyfrom theprobability distribution condi-
tioning on precedingseggmentsof lengthgreaterthan
as increases.Thereforethe pruningof a nodewith
longerpathlabelis expectedto have lessimpactto the
similarity estimation(thanthe pruning of a nodewith
shorterpathlabel).

3. Prunenodewith expectedprobability vector r st. This
stratgyy only appliesto the scenariovhereall insigni -
cantnodeshave beenprunedalready Considertwo sig-
ni cant nodes and where isachildof inthe
impreciseprobabilisticsufx tree.Let and bethe
pathlabelsof and ,respectiely. By de nition, is
asufx of . The probability vector (of node

) is consideredsexpectedf it doesnotdiffer substan-
tially from the probability vector (of node ).
If thenode is prunedthenode will beusedasthe
substitutein the future similarity estimation. The less
the differencebetween and , themore
accuratehe estimatedsimilarity.

With theabovethreestrateyies,little degradatiorof theaccu-
ragy of the similarity estimationcanbe obseredin practice,
eventhougha large numberof nodesarepruned.

5.2 Probability Smoothing

Theproblemof “undersampling”hasbeenobsenedanda
smoothingprocessvasproposedn Bejerano&Yona(1999).
The purposeof the smoothingprocessis to assurethat no
symbolis predictedo have azeroprobability, nomatterwhat
sufx is obsenedbeforeit, eventhoughthe empiricalcount
may be zero. This can achieved by enforcinga minimal
probability for all symbolsand eachnonzeroempiri-
cal probability is decreaseduchthat a total of is
“collected” to be latersharedby all symbols,where is the
numberof distinct symbols. The decrementf eachempir
ical probabilityis donein proportionto its value. Formally,
the probability after smoothingcanbe obtainedthroughthe
formula . The propervalueof

canbe determinedaccordingto somedomainknowl-
edge. We shall mentionthat this smoothingtechniquecan
alsobe appliedto the IPST modelto addresghe undersam-
pling problem.

5.3 IncrementalClustering

If we alreadyhave a setof clusteredsequenceshe com-
putationof clusteringnew sequencewvould be ef cient. In
sucha casewe would comparehe sequencevith the proba-
bility sufx treeof eachcluster If the new sequencés sim-
ilar to a clusterbasedon the similarity estimation thenthis
sequencés groupedto thatcluster On the otherhand,if no
groupis similar to the new sequencethe new sequenceés
classi edasanoutlier. To take into accountof the existence
of new clusters,we generatenew seedfrom all outliers af-
terasigni cant numberof newv sequencelasbeenclassi ed
asoutliers. Thenwe employ the clusteringalgorithmon the
setof outliersto determinevhetherthereexistsanew cluster
Dueto spacdimitations,we will omitthedetaileddiscussion
of thisaspecbf CLUSEQ.

6 Results

We implementedthe CLUSEQ algorithmin C program-
ming language. All experimentswere run on a Sun Ultra-
Sparc10 machinewith 128 MB main memoryand a 300
MHz CPU.

6.1 Correctnessof CLUSEQ Model
The real datasetwe appliedthe CLUSEQ algorithm is

a databasef 8000 well documentedprotein randomly se-
guencesselectedrom the SWISS-PRT databank. These



proteinsequencebelongto 30 differentbiological families,
singledomainand multi-domainfamilies. The size of each
family rangesfrom 140to 900. The sequencdengthis be-
tween285and895. In thisexperimentwewantto nd there-
sultsproducedy our algorithmvia thelabelprovidedby the
SWISS-PROT database.The result producedby CLUSEQ
with parameters , , , was
comparedvith the standarcproteinfamily labelandthe av-
eragelengthof a signi cant segmentin the probabilisticis
13.8. Table 1 shows the falsepositives and false negatives
of nine familiesdueto spacdimitations. In this experiment,
we treatall these8000 protein sequencess unlabeledse-
guencesi.e., no priori knowledgeof the numberof families,
etc..

For all proteinfamilies,the correctedabeledproteinsare
over . It is easyto seethatthe CLUSEQalgorithmper
formswell consistenthyfor clustersof diversesizes.Further
more, sincewe initially set (which is muchlessthat
the actualnumberof clusters),the CLUSEQ algorithmstill
cansuccessfullydentify all clusterswith highaccurag, own
to the clustervalidation procedure. This is very important
becaus¢he numberof clusterss oftenunknowvn in advance.

We also comparethe resultsof CLUSEQ with that pro-
ducedby maximumalignmentmethod(e.g., ProtoMap)for
the setof proteinsequencem Tablel. We canseethatthe
numberof false positives and negativesis very similar be-
tweenthe two approachesHowever, CLUSEQtakesmuch
lesstime (about420 seonds)}han the maximumalignment
approach(5600 seonds),which makes CLUSEQ a better
choice.

6.2 Effectsof

In our CLUSEQalgorithm, playsanimportantrole. It
doesnot only effect the resultsof our algorithm, but also
effect the responsdime of our algorithm,i.e., how fastthe
resultsare returned. With larger , the quality of results
degrades,but the responsdime shortens. Figure 3(a) and
(b) shows the averageaccuray and responsdime of the
CLUSEQalgorithmwith respecto . Sincethe averageac-
curag andaveragerecall over all familiesarethe same we
omit the curve correspondindo the averagerecall. The test
datasetis the same8000 protein sequencesFrom the g-
ures,we canseethatwhenthe is sufciently small, e.g.,

, the improvementof the resultsquality is diminished
with smaller while theresponséime increasesliramatically
becausenoreiterationsareneededor thecornvergenceof the
upperandlower probabilities.Basedon this result,if we set

, theresultswill be sufciently goodandthere-
sponsdime is relatively fast.

6.3 Sensitvity Analysis

To understandhesensitvity of the CLUSEQalgorithmto
thesamplesize , weexperimentwith various onthedata
set. The corvergencethresholdis setto . Figure4
shaws the effect of the initial samplesize to the quality
and responsédime of the CLUSEQ algorithm. The results
con rm with our previousdiscussionThequality (i.e., aver
ageaccurag) of the CLUSEQalgorithmimproveswith the
increaseof  dueto thefactthatbetterinitial clusteringcan
beobtained.Theimprovementslows down when
where is the numberof clusters. On the otherhand,the
responsdime of the CLUSEQfalls into a valley asshavn
in Figure4(b). When , theresponseéime grows
alongwith theincreaseof  in generalwhile the response
time presentsan oppositetrend . After further
investigation,we found that, with a small samplesize, the
quality of theinitial clusteris very poorandit takesalonger
coursefor CLUSEQto reachthe nal clustering.

In addition, we also analyzethe sensitvity of CLUSEQ
with respectto the signi cant threshold . As long asit is
within a reasonableange,both the clusterquality and the
performancef CLUSEQshaw stability to thevarianceof .
Theparameter controlshow similarasequencshouldbeto
its peersin a clusterandits appropriatevalueis application-
dependentind shouldbe speci ed by an expert. A further
studyregardingthe parameters and is left to the full ver
sionof thepaper

7 Conclusions

In this paper we investigatedin the problem of auto-
matic clusteringof proteinsequencesA novel modelis pro-
posedfor sequencelusterby exploring signi cant statisti-
cal propertiespossessethy the sequences.The imprecise
probabilitiesare introducedto monitor the corvergenceof
the empirical statistics. This clusteringframework can ei-
ther (1) be applieddirectly to partition unlabeledsequences
into meaningfamilies/groupgwithout rst building models
onlabeledsequenceshr (2) becoupledwith someclassi ca-
tion toolsto re ne theclassi cation. An importantadvantage
is that the clusteringmodelcan potentially detectunknovn
(sub)amily/(sub)groumr evenoutliers(perhapslueto some
unexpectedmutations). Biological considerationgsuchas
the a-priori probability distribution of amino acidsand the
probabilitiesof aminoacidsmutation)canalsobe easilyin-
corporatednto the clusteringmodelin a similar manneras
discussedh Bejerano&Yona(1999).
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The CLUSEQ Algorithm

Algorithm A.1 Algorithmfor Sequenc€lustering

CLUSEQ(, , ,, )

/*

NGO ARWONE

11:
12:

is adatabasef sequences;
is the minimumnumberof clusters;
is thesigni cancethreshold;
is thesimilarity threshold;
is the corvergencethreshold */

/* Generate seedfrom */
true
/*  trackstheactualnumberof clusters*/
while do

false
for eachsequence do /* clustertraining*/

/*
for

denoteclusterlDs while 0 representsutlier */
to do

if

then

[* Only thesggmentin  which deliverssimilarity
is usedin updating */

13:
14:

15:
16:

20:

if
then

/* is similarto atleastonecluster*/

for to do /*clustervalidation*/

21:

22:
23:
24.
25:

26:

true
for eachnode in do
for eachsymbol do

I* updatelowermbability*/

27:

/* tracksthe numberof gapsaccumulated/



[* updateupperprobability*/

28: if
29: then/* isasigni cant node*/
30: T L
31:
32: if
33: then/* doesnotconvergeon symbol */
34: false
35: true
34: if falseand
I* doesnot corvergeyetandthedegree
of imprecisiondoesnotimprove */
35: then /* split cluster */
36:
37:
38: else e
39: if
40: then /* A largenumberof outliersexist */
41:
42:
[* A new clusteris initiated*/
43: true
44: return [* contains clusterst/
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