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Abstract. Thediscoveryof frequentpatternspresentin biological sequenceshas
a large numberof applications,rangingfromclassification,clusteringandun-
derstandingsequencestructure andfunction.Thispaperpresentsan algorithm
that discovers frequentsequencepatterns(motifs)presentin a querysequence
in respectto a databaseof sequences.Thequery is usedto guidethe mining
processandthusonly thepatternspresentin thequeryare reported.Two main
typesof patternscan be identified: flexible and rigid gap patterns. Theuser
canchooseto reportall or onlymaximalpatterns.ConstraintsandSubstitution
Setsarepusheddirectlyinto theminingprocess.Experimentalevaluationshows
theefficiencyof thealgorithm,theusefulnessandtherelevanceof theextracted
patterns.

1. Introduction
Dueto theexponentialgrowth of newly discoveredbiologicalsequences(DNA, proteins
and other typesof fragments),witnessedin the last decades,the subjectof sequence
analysisplaysa centralrole in bioinformatics. In this context, oneof the most impor-
tant tasksis thediscovery of sequencepatternsalsocalledmotifs. Differentapproaches
andseveralmethodshave beenproposedto tacklethis problem. Earlier typeof propos-
alsconsistedin a multiple alignmentof theevaluatedsequences[Hirosawaetal. 1995],
with a subsequentreportof a consensussequencewith the regionsof detectedsimilar-
ity. Dueto theinherenthigh computationalcoststhis approachis only suitablefor small
setsof closely relatedsequences.Anotherpossiblesolution is basedon sequencepat-
ternenumeration,wherecandidatepatternsareobtainedfrom combinationof thediffer-
ent eventspresentin the input sequences.Enumerationmethodscan be distinguished
by the way they traversethe solution spaceand by the order that they enumeratethe
patterns. The Data Mining communityhasa large body of work on the relatedtask
of discovering event-setsequencepatternsfrom transactionaldatasets.The proposed
algorithmsare bestsuited for datasetswith many (typically millions) sequenceswith
a relative small length (from 10 to 20), and an alphabetof thousandsof events, e.g.
[SrikantandAgrawal 1996,Zaki 2000,JianPei2002,Ayresetal. 2002]. In these algo-
rithms,several typesof constraintsareincludedandstudied.Consideringthecharacter-
istics inherentto biological sequencedatabases,namelyproteindatabases(hundredsof
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sequenceswith big averagelength,usuallygreaterthan100), alternative methodswere
proposedby thebioinformaticscommunity. An exampleof suchmethodostheTeiresias
[RigoutsosandA.Floratos1998]algorithm.Whena particular(query)sequenceis given
for investigation, for instancea recentlydiscoveredprotein, the detectionof sequence
patternsmay provide valuableinsightsaboutthe proteins. A possibleanalysissolution
is to scanthe query sequenceagainst a databaseof signaturepatternslike PROSITE
[Bairoch1991] or Pfam [A. Bateman2003], trying to identify the respective sequence
family. A signaturepatternis a patternthat ideally matchesall thesequencesin a certain
family andnoothersequences.Thesepatternscanexpressimportantfunctionalproperties
relatedto thefamily. Severaltoolslike interProScan[EMBL-EBI ] or eMotif [Wu etal. ]
canbeused.Thesetoolsessentiallydiffer in the typeof patternsthey searchandin the
way they outputpatterns.Thesignaturepatternscanbeobtainedthroughmanualinspec-
tion of the sequencesor throughautomaticprogramslike Pratt [Jonassenetal. 1995].
Prattsearchesfor conserved patternsin a setof relatedproteinsequencesreportinga a
small numberof patternswith the highestquality. Unfortunately, Pratt is not suitedfor
findingconservedpatternsin smallsubsetsof adatabase.

Bearingin mindthis lastproblemandtheimportanceof patternanalysisin a large
numberof biologicalproblems,wepresentamethodthatreportsall thefrequentpatterns
occurringin a querysequencewith respectto an userdefineddatabase.The queryse-
quenceis usedto drive theminingprocessensuringcontainmentof thereportedpatterns.
The differenceto the previous approachesis that patternsneednot to be known in ad-
vanceas is the caseof PROSITE or Pfam andneednot to be signaturepatternsas the
onesoutputtedby Pratt. Therefore,our algorithmallows a refinedanalysisby enumer-
ating patternsthat eventuallyoccurin a small subsetof the databasesequences.It may
yield the identificationof sub-families and overcomethe high computationaldemands
typical of themultiple alignmentproblems.Two typesof patterns,with variableor fixed
lengthspacingbetweenevents,satisfyingtheuserrestrictionsandassociatedoptionscan
beidentified.

Two possible applications of this method are sequence classifica-
tion [FerreiraandAzevedo2005b, Ben-HurandBrutlag2003] and clustering
[Guralnik andKarypis2001]. Sequencepatterns appear as highly discriminative
featuresto predicta protein family or to groupsequencesaccordingto their similarity.
The discovery of patternscan also be usedin the detectionof subfamilies within a
largersetof sequencesfrom onefamily [Brazmaetal. 1996],in a taskcalledSubFamiliy
Detection. The proposedmethodcan also be usedto createa profile for eachof the
sequences,throughtherespective extractedpatterns.

2. Preliminaries

In this work our main concernis protein databases,thus we are only consideringthe
alphabetof amino-acids,denotedasΣ . Eachsymbolof thesequenceis genericallycalled
aneventandthedistancebetweenconsecutive eventsasgaps. Two maintypesof patterns
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canbedistinguished:

• Rigid Gap Patterns only containgapswith a fixed length. The symbol “.” is
usedto denotea gapof sizeone andit matchesany symbolof thealphabet.Ex:
MN..A.CA

• Flexible Gap Patterns allow a variablenumberof gapsbetweeneventsof the
sequence.We will usethe notation−x(n,m)− to denotea variablegap with n
minimumandam maximumnumberof gaps.Ex: MN−x( 1 , 2 )−A−x( 0 , 1 )−C

A patternS is containedin a patternS ′, if S canbeobtainedby droppingsome
eventsof S ′. A sequencepatternS is frequentif it occursin at leastσ (minimumsupport)
sequencesof thedatabaseandinfrequentotherwise.Thecoverlist representsthelist of all
thesequenceidentifierswherethepatternoccurs.Wewill follow adefinitionapproximate
to theoneusedin [RigoutsosandA.Floratos1998]andconsidera patternto bemaximal
if it is not containedin any otherpatternandcannot be mademorespecific,i.e. it is
not possibleto replacea wild cardsymbolby a concreteevent andstill have afrequent
pattern.Whenextendinga sequencepatternS = < s1 s2 . . . sn >, with a new event sn+1,
S is calleda basesequenceandS ′ = < s1 s2 . . . sn sn+1 > theextendedsequence. If an
event b occursaftera, it is denotedit as: a → b. a is calledthepredecessor(pred)and
b the successor(succ). Whensomeprior knowledgeon the type of patternsthat oneis
looking for is available,constraintsappearasanefficient way to prunethesearchspace
andto focusthesearchon theexpectedpatterns.Themostcommonandgenerictypesof
constraintsare:

• ItemConstraints: restrictsthesetof theevents(excludedEventsSet) that may ap-
pearin thepattern.

• GapConstraints: definesthe(minGap) minimumor themaximumdistance(max-
Gap) thatmayoccurbetweentwo adjacenteventsin thesequencepatterns.

• gapPenaltyConstraints: measuresthe densityof a pattern,throughthe ratio be-
tweenthenumberof concreteeventsandthespanof thepattern.

• Duration or Window Constraints: definesthe maximumdistance(window) be-
tweenthefirst andthelasteventof thesequencepatterns.

Anotherusefulfeaturein biologicalsequencepatternmining is theuseof Equiv-
alent/SubstitutionSets. Whenusedduringtheminingprocessaneventcanbesubstituted
by anothereventbelongingto thesamesetwithout lostof meaning.To reportourpatterns
a syntaxsimilar to thePROSITE[Bairoch1991]syntaxwill beused.Sincethemaximal
patternsmaynot necessarilybe themostinterestingones,we designedour algorithmin
orderto derivebothall or maximalpatterns.

The problem we addressin this papercan be formulatedas follow: given a
databaseof sequencesD, a querysequenceQ, a minimum supportσ, andthe optional
parametersminGap, maxGap, window, excludedEventsSetandsubstitutionSets, density
thresholdgapPenalty, find all or themaximalfrequentrigid or flexible gapsequencepat-
ternspresentin D andcontainedin Q, which respectpreviousconstraints.
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Sid Sequence
1 < A B C D E >
2 < A C D >
3 < B C B C >
4 < B C B A >
5 < A B B C D >

Table 1. An example database (alphabet of 5 symbols)

3. Algorithm

One way to tackle the statedproblem would be to mine all frequentpatternsin the
databaseD and then selectthosethat occur in Q. Becauseunnecessarycomputation
wouldbedone,this “queryblind” methodis clearlyanaiveapproach.Insteadwewill use
anadaptationof thealgorithmicapproachfollowedin [FerreiraandAzevedo2005a](an
algorithmcalledgIL) to mine frequentsequencepatternsof D presentin Q, underuser
definedconstraints.Our proposedmethodusesa Bottom-Upsearchspaceenumeration
anda combinationof frequentpairsof eventsto extendandfind all thefrequentpatterns.
The algorithmis divided in two phases:scanningphaseandsequenceextensionphase.
Sincethe frequentpatternsareobtainedfrom thesetof frequentpairs,thefirst phaseof
themethodconsistsin traversingall thesequencesin thedatabaseandbuilding two aux-
iliary datastructures.Thefirst structurecontainsthesetof all pairsof eventsfoundin the
database.Eachpair representationpoints to the sequenceswherethey appear(through
a sequenceidentifier bitmap),seeFigure1 (a). The seconddatastructureconsistsof a
vertical representationof the database.It containsthe positionsor offsetsof the events
in thesequenceswherethey occur, seeFigure1 (b). This informationis requiredto en-
suretheorderof theevents.At theendof thescanningphasewe obtaina mapof all the
pairsof eventspresentin thedatabaseanda vertical formatrepresentationof theoriginal
database.In the secondphase,the pairsof eventsaresuccessively combinedto find all
thefrequentpatterns.Theseoperationsarefundamentallybasedon twoproperties:

Property1 Anti-Monotonic, All supersequencesof aninfrequentsequenceareinfrequent.

Property2 Sequence Transitive Extension, Let S =< s1 . . . sn >, CS is its cover list
andOS thelist of theoffsetvaluesof S for all thesequencesin CS . Let P = (sj → sm), CP is it
cover list andOP theoffsetlist of succ(P ) for all sequencesin CP . If succ(S) = pred(P ), i.e.,
sn = sj , thentheextendedsequenceE =< s1 . . . snsm > will occur in CE , where CE = {x ∈

CS ∩ CP , OP (x) > OS(x)}.

Hence,the basic idea is to successively extend all the frequentpair of events
presentin thequerysequenceQ with anotherfrequentpair. This extensionholdsaslong
asthepredecessorof theextensionpair is equalto thesuccessorof theextendedsequence
andtheextensionpair is containedandrespectstheorderof Q. This joining stepis sound
provided that theabove mentionedproperties(1 and2) arerespected.Property2 yields
thecover list of theextendedsequence(CE) andtheoffsetListof succ(E) . Thejoining of
pairscombinedwith a depthfirst traversalyieldsall thefrequentpatternsin thedatabase
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alsocontainedin Q.

3.1. Scanning Phase

Thefirst phaseof thealgorithmconsistsin the following procedure:For eachsequence
in D, all orderedpairs of eventswithout repetitionsare obtained. Additionally an N-
bidimensionalmatrix (N is the sizeof the alphabet)is built andupdated.We call this
structuretheBitmapMatrix (BM). EachCell( i, j) containstheinformationrelative to the
pair i → j. This informationconsistsof a bitmapthat indicatesthe presence(1) or the
absence(0) in therespectivesequence(i-th bit correspondsto thesequencei in D) andan
integerthatcontainsthesupportcount.This lastvalueallowsa fastsupportchecking.As
anexampleseefigure1 (a).
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Figure 1. (a) Content of the pair A → C in the Bitmap Matrix; (b) Representation
of event B in the Offset Matrix

Simultaneously, as eachevent in the databaseis being scanned,a seconddata
structurecalledOffsetMatrix (OM) is alsobuilt. Conceptually, thisdatastructureconsists
of anadjacency matrix thatwill containall theoffset (positions)of all theeventsin the
entiredatabase.Eachevent is a key thatpointsto a list of pairs<Sid,OffsetList>, where
OffsetListis a list of all thepositionsof theeventin thesequenceSid. TheOffsetMatrix
is a vertical representationof thedatabase.Figure1 (b) shows the informationstoredin
theOffsetMatrix for theeventB.Oneshouldnotethat thescanningphaseis performed
onceandthe two datastructuresarekept in mainmemory. Several algorithmrunswith
differentsupportvaluesdo not imply additionaldatabasescanning. Only the sequence
extensionphaseis performedduringthevariousinteractions.

3.2. Sequence Extension Phase

input : S(BaseSequence); P (ExtensionPair); σ(Support)
CS = bitmap(S) andCP = BM.bitmap(P )1
C

S′ = CS ∩ CP2
if support(C

S′ ) ≥ σ then3
returnOK4

end5
Algorithm 1: SupportTest

For implementingtheextensionphasewepresenttwo tests(algorithms).Conjunc-
tively they arenecessaryandsufficientconditionsto considerasfrequentanew extended
sequence.Algorithm 1 is a quick testthat implementsproperty1. Thebitmapfunction
getsthecorrespondentbitmapsof S andP . The intersectionoperationis alsovery fast
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andsimpleandthesupportfunctionretrievesthesupportof theintersectionbitmap.This
testallows the verification of a necessarybut not sufficient condition for the extended
sequenceto befrequent.A secondtestis necessaryto ensurethattheorderof theevents
is keptalongthesequencesthatCS′ bitmappointsto. Algorithms 1 and2 assumesthat
for eachfrequentsequence,additionalinformationbesidesthesequenceeventlist is kept
duringtheextensionphase.Namely, thecorrespondentbitmap,thatfor thecaseexposed
in algorithm1 will beCS′ if S ′ is determinedto befrequent.Also two offset lists in the
form <Sid, offset> arekept.Onewill containtheoffsetof thelasteventof thesequence,
offsetLastEvent, andwill beusedfor the“Order Test”. Thesecond,offsetStartEvent, con-
tainsthe offset of the first event of the sequencepatternin all the Sid whereit appears.
This will beusedwhentheverificationof thewindow constraintis performed.In theOr-
derTestgivenabitmapresultedfrom thesupporttestthegetSeqIdLst functionreturnsthe
list of thesequenceidentifiersfor thebitmap.ThefunctionoffsetLstreturnsalist of offset
valuesof theeventin therespective Sid. For eachsequenceidentifier it is testedwhether
the extensionpair hasan offset greaterthanthe offset value of the extendedsequence.
This implementsthe computationof CE andthe offsetList of succ(E) asin property2.
In casetheuserchoosesto obtainflexible gappatternsthe functiongetFMinMaxGap
returnstheminimumandthemaximumgapsfrom thelist of gaps(line 13). For rigid gap
modethemethodsearchesfor theminimumgapvalue(throughgetRGap function) that
still enablethepatternto befrequent.Notethatall thedifferentgapvaluescanbeusedto
obtaina patternextensionwith thesameevent. Next, all theSid that allow a gapof this
size(lines16 to 21)areselected.At theendof theprocedure(line 24) it is testedwhether
theorderof theextendedsequencepatternis respectedin asufficientnumberof database
sequences.In thepositivecasetheextendedsequenceis consideredfrequent.

input : C
S′ (Bitmap); S(Base Seq); P (Ext. Pair); σ(Support)

seqLst = getSeqIdLst(C
S′ );1

Ev = succ(P );2
cnt = 0;3
foreach Sidin seqLstdo4

Ov = OM .offsetLst(Sid, Ev);5
Y = S.offsetLastEvent(Sid);6
W = S.offsetStartEvent(Sid);7
if ∃X ∈ Ov , X > Y then8

gap = X − Y ; gapLst.add(gap);9
cnt = cnt + 1;10

end11
if mode = FLEXIBLE then12

(fMin, fMax) =getFMinMaxGap(gapLst);13
else14

rGap = getRGap(gapLst, σ);15
foreach Sidin seqLstdo16

Repeat Step 5 to 7;17
if ∃X ∈ Ov , X − Y = rGap then18

cnt = cnt + 1;19
end20

end21
end22

end23
if cnt ≥ σ then24

returnOK;25
end26

Algorithm 2: Order Test

Givenalgorithm1 and2, property3 guaranteesthenecessaryandsufficientcon-
ditionsto safelyextenda basesequenceinto a frequentone.
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Property3 Frequent Extended Sequence, Givena minimumsupportσ, a frequentbase
sequenceS =< E1 . . . En >, where |S| ≥ 2 and a pair P = Ek → Ew. If En = Ek,
thenS′ =< E1 . . . En gn,k Ek >, where gn,k = −x(mingap, maxgap)− if in flexible modeor
x(mingap) if in rigid mode, is frequentif algorithm1 and2 returnOK.

3.3. Space Search Traversal

Guidedby the querysequenceQ, the searchspacecanbe traversedusinga depthfirst
traversalmode.During thetraversal,thesetof thefrequentsequencesstartsasthesetof
thefrequentpairspresentin Q (namedasseedpairs - in gray at Figure 2) . The traversal
beginswith a sequenceof size2 that is successively expandeduntil it cannot befurther
extended. If we view the searchspaceasa tree this meansthat for a given branchof
the tree (which representsa sequence),we stepdown asmuchas possiblein the tree.
Thenwe backtrackandre-startsearchusinganotherpath. An advantageof this typeof
traversalis thatwhenlooking for maximalsequencesall thesubsequencesof thelongest
sequencefoundwhentraversingabranchof thespacetreecanberejected.Consequently,
it reducesthe numberof potentialmaximal sequencesto consider. In the exampleof
Figure2, we do a level-by-level searchof thefrequentpatternspresentin Q. Eachlevel
correspondsto a positionevent in Q that is the prefix of all the seedpairsat that level.
For instance,level 1 startswith theeventatposition1 in Q andcontainsA → B, A → C
andA → D. If an event is repeatedin Q thenthe correspondentlevel it is not tested
sinceall patternsobtainedfrom the repeatedseedpair will becontainedin the frequent
patternsfound before. Whenextendinga frequentpatternandobtainingan infrequent
one, the suffix event is neglectedand the posteriorevent in Q is then tested(ex: the
patternAB − x( 0 , 1 ) −C becomesinfrequentwhenextendedwith B. ThusB is rejected
andanew extensionis testedwith D, sinceit followsB in Q. During theminingprocess
a list of themaximalpatternsis kept. Only thelongestsequencepatterns(markedwithin
a box) found aretested.The testconsistsin checkingwhetherthe patternis contained
or containsothersequencesfrom this list. The maximalpatternsfor this exampleare:
AB − x( 0 , 1 ) − CD andBCB. We shouldnotethat theprocedure,describedin Figure
2, is identicalfor rigid andflexible gappatterns.Also, in therigid patternsextraction,the
gapsizeof thesequencesin D matchtherespectivegapsin Q.

4. Constraints

Theintroductionin ourmethodof constraintslikemin/maxgap, windowsize, itemsexclu-
sion is a straightforward processandtypically translatesinto considerableperformance
gains. The introductionof substitutionsetsis alsovery easyto achieve. Implementing
the event exclusionconstraintandsubstitutionsetsrequiresonly simplechangesin the
BitmapMatrix (usedto verify if patternsarefrequent)andin theOffsetMatrix (discrim-
inatesthepositionsof theeventsin every sequencewherethey occur).Thesefeaturesare
appliedbetweenthescanningphaseandthesequenceextensionphase,beforealgorithm
2 is performed.
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Q = < A B C B D >
A ->B A -> C A -> DA -> B

B -> C B -> B B -> D

C -> B C -> D

B -> D

A-x(0,2)-C (3)

A-x(0,2)-CB (0)

A-x(0,2)-CD (3)

Not Tested

B C (4) 

B CB (2) 

B CBD (0) 

B-x(0,1)-B (3)

 B-x(0,1)-B-x(1)-B (1)

B-x(1)-D (2)

CB (2)

CBD (0)

CD (3)

Not Tested

AB (2)

AB-x(0,1)-C (2)

AB-x(0,1)-CB (0)

AB-x(0,1)-CD (2)

A-x(1,3)-D (3)

Min. Support = 2

OKOK

OK

OK

OK

OK

OK

OK

OK OK

OK OK

Figure 2. Example of the frequent flexib le pattern finding in respect to Q and D

(Table 1) for a minim um suppor t of 2. Patterns labelled with OK are frequent. The
suppor t is also provided for each pattern.

4.1. Events Exclusion and Substitution Sets

Theeventexclusionconstraintis appliedtraversingtherows andcolumnsof theBitmap
Matrix wheretheexcludedeventsoccurs.At thosecells,setto zerothesupport1 count
variable. Whensubstitutionsetsare activatedwe have oneor more setsof equivalent
events.For eachsetof equivalenteventsonehasto maketheunionof therows(horizontal
union) andcolumns(vertical union) in Bitmap Matrix, wherethoseeventsoccur. The
verticalunion is similar to thehorizontalunion. Moreover, for all theequivalentevents,
oneneedsto pairwiselyintersectthe sequences(throughthe bitmaps)wherethey occur
andthenperformtheunionof theoffsetListsfor the intersectedsequences.This results
in thenew offsetListsof theequivalentevents.

4.2. Min / Max Gap and Window Size

Theseconstraintsaretrivially introducedin the“Order Test”. In algorithm2, the testin
line 8 and15 is extendedwith threeadditionaltests:(X − Y ) < maxGap AND (X −
Y ) > minGap AND (X − W ) < windowSize.

5. Experimental Evaluation

To testouralgorithmwedevelopedaprototypewritten in theC++languageandcompiled
with g++, for linux andwindowsXP. All theexperimentswereperformedon1.5GHzIn-
tel Centrinomachinewith 512MB of mainmemory, runningwindows XP Professional.
Performanceevaluationwasdonethroughtheuseof threedifferentproteindatasetswhich
exhibit differentfeatures.Two of thedatasetswereobtainedfrom PFAM (seeTable2 (a)).

1Futureinteractionson this datasetstill have the Bitmap Matrix intact sincethe bitmapsremainun-
changed
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TheA2M consistsof a family of theA-macroglobulin receptors(PF07677).TheCRYS-
TALLIN iscomposedbyasetof proteinsthatoccurin highconcentrationin thecytoplasm
of eye lensfiber cells(PF00525).TheYeast(saccharomycescerevisiae) datasetis avail-
ableat [GenBank]. In this sectionwe focusour attentionin the performanceissuesof
themethod.We applieda “leave-one-out” methodologyfor computationalperformance
evaluation.Thepresentedvaluesrepresentaverageresults.Thetime to performthescan-
ning phaseis almostnegligible. It takeslessthan0.1secondsfor theabove two datasets
and0.6secondsfor asyntheticdatasetwith 8000sequenceswith anaveragelengthof 60.

Dataset Protein Intra Similarity Avg. length Stdev length No instances
A2M A-macroglobulin 32% 88.4 3.03 54

CRYSTALLYN Crystallin 67% 53.6 1.70 13
Yeast Yeast 43% 255 256 393

Relativeσ Absoluteσ Max. All SpanMax. Num. Events TimeMax (secs)
4% 2 128 253804 25.6 4.9 50.7
5% 3 119 26752 22.7 4.3 2.9
6% 4 105 8592 21.0 3.8 0.2

Table 2. (a) Proper ties of the Protein Datasets; (b) Results for the A2M dataset in
RIGID gap mode .

Relativeσ Absoluteσ Max All Avg. Events Time (secs)Max Time (secs)All
80% 42 27777 797930 6.35 745.0 24.07
85% 45 16519 366502 5.80 95.0 11.2
90% 48 3848 102074 5.35 7.06 3.20
95% 50 1411 33810 5.03 1.41 1.07

gapPenaltyThresholdMax All Avg. Events SpanMax. Time (secs)Max
10 50 2199 3.53 6.2 0.18
15 55 4966 4.61 10.3 0.40
20 62 5202 5.40 13.6 1.09
25 71 6342 5.49 16.9 1.39
30 83 7966 5.97 21.2 2.94

Table 3. (a) Results for the A2M dataset in FLEXIBLE gap mode; (b) Results for
the gap penalty threshold in the A2M dataset for a suppor t of 8% in the rigid gap
mode and mining maximal patterns.

In table2 (b) we have, for eachvalue ofrelative support,thenumberof All and
Maximal rigid gap patternsfound. As we cansee,Maximal patternsrepresentonly a
small fraction of All patterns. Constraintsarechecked but are set to neutralvaluesin
order to not interferein the mining process.We alsoshow the spanlengthandthe av-
eragenumberof eventsof the maximalsequences.Resultsshow that for lower support
valuesmorefrequentpatternsarefoundwith greateraveragespan.Table3 shows there-
sultsfor theFLEXIBLE modeappliedto theA2M dataset.This modeis moreexpensive
sincethesolutionspaceis largerthanin therigid mode.Themoredemandingoperation,
largely dueto the ratio All/Max patternsis the maximal test. If we ignore this testwe
canachieve significanttime improvements. For instancein table3(a) we canseethat
for a supportof 80% in A2M datasetit took 745 secondsto find the maximalflexible
patterns.However, whenignoring the maximaltest,computationreducesto 24.07sec-
ondsrepresentingan improvementaround97%. It is alsopresentedtheaveragenumber
of eventspresentin a flexible pattern. Again, we canseethat for lower supportvalues
theaverageof thepatternlengthandspanincreases.Figure3 (a) shows runtimefor the
A2M datasetin Flexible mode,for a supportof 80% andmaximalpatterns,with rela-
tion to two constraints.For a valuelessthan50 both constraintshave avery restrictive
impact in the patternextraction process. For valuesgreaterthan 70 the impact of the
constraintsbecomesneutral. Figure3 (b) shows the runtimesfor differentsupportval-
uesin thepresenceof themaxGapandwindow constraints.Dueto its relative high intra
similarity, theCrystallin datasethasa high density, in contrastto A2M datasetwhich is
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Figure 3. (a) Flexib le patterns for A2M dataset in the presence of the Windo w
and the gapPenalty Constraints; (b) Simultaneous application of the maxGap and
Windo w constraint to find Flexib le patterns in the Crystallin dataset; (c) Runtime
for RIGID mode for diff erent sizes of the quer y sequence A2m dataset; σ = 5% (d)
gIL and Teiresias[L=2 and W(maxGap)= 10] algorithms, suppor t variation for the
Yeast dataset.

sparser. Additionally, the two datasetshave differentsizes. This explains the different
rangeof minimum supportvaluesused.Clearly the introductionof the constraintsrep-
resentsa significantruntimereduction. Figure3 (c) shows the impactof the sequence
lengthin thealgorithmruntime.Fromtable3 (b), we canseethatthegapPenaltyThresh-
old is alsoa constraintwith a direct impact in the numberof reportedpatterns.Lower
valuesfor this thresholdrestrictsthe spanof the patternsandconsequentlythe average
numberof eventspresentin a patternis smaller. For a comparisonof theperformanceof
theproposedapproachwith two otheralgorithms:SPAM [Ayresetal. 2002](for flexible
gap patterns)andTeiresias[RigoutsosandA.Floratos1998] (for rigid gap patterns)see
[FerreiraandAzevedo2005a].In thiswork weshow thatthegIL algorithm,in whichthis
methodis based,outperformsthemethodsmentionedabove.

Consideringall experiments,we concludethat the algorithm’s runtimeis essen-
tially affectedby the numberof reportedfrequentpatterns.The querysequencelength
andtheintrasimilarity of thesequencesin thedatabasearethetwo variablesthathavethe
major impactin the numberof outputtedpatterns.In morecomputationallydemanding
situationsor whenuserwantsto specifythe typeof patterns,constraintshave proved to
beeffectiveandvery efficient.

Theefficiency of ourquerydrivenapproachcanbeassessedthroughacomparison
with the queryblind approach.Considera queryblind applicationwherefor the A2M
dataset(seesection5) and a supportof 15%. Mining (all and rigid gap patterns)the
entiredatabasetakes91.5seconds.Comparingthis time(plusthetime to extractonly the
patternspresentin thequerysequence)with thetime thatour methodtakesfor thesame
support,0.15seconds,thefirst approachtakesat least610timesmoretime. For theYeast
datasetour methodtakes0.7 and1.2 secondsfor a supportof respectively 10%and5%.
ThegIL algorithm[FerreiraandAzevedo2005a](seeFigure3 (d), for acomparisonwith
TeiresiaswhereL andW arerespectively thenumberof non-wildcardseventsin apattern
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andthemaximumspanningbetweentwo consecutive events)takes9.6 and147seconds
for thesamesupportvalues,which is 16 and122timesmoreexpensive. This difference
becomesmore significantfor lower supportvalues. This seemsa soundevidencethat
querydrivenmining appearsasapromisingapproach.

5.1. Pattern Quality

In the past, several sequencepattern analysis algorithms have used the PROSITE
[Bairoch1991]databaseto evaluatetheir work. PROSITEcontainshighqualitypatterns,
representedby an enhancedregularexpression.Regularexpressionpatternsconsistin a
very convenienttool for fastsequenceanalysisbut have alimited descriptive power and
do not take into accounttheoverall diversityof theinput sequences.Also they do not re-
portdeviantbut closelyrelatedpatterns.Enumeratingall thefrequentpatternsthatoccurs
in theinput setprovidesamorecompleteoverview of thesequencesimilarities.

5.1.1. Test Cases

We demonstratetheapplicationof our algorithmandthe relevanceof theextractedpat-
ternsin real life data. We usedtwo examplesof well know proteinsequencesfamilies,
onefrom PROSITE(release19.3)and onefrom eMotif [Wu etal. ]. For eachfamily we
randomlyselectedonequerysequenceandsubmittedit to thesequenceminer.

Zinc Finger (C2H2) {prosite id: ps00028}

’Zinc finger’ domainsareproteinstructuresfirst identifiedin the Xenopustran-
scriptionfactorTFIIIA andsincethanhavebeenfoundin numerousnucleicacid-binding
proteins.It consistsin two cysteines(C) andtwo histidines(H) residuesat bothextremi-
tiesof thedomain.Prositereportsadatasetwith 5547sequencesin Swiss-Protcontaining
theconsensuspattern.Theprositepatternfor theC2H2domainsis:

C - x(2,4) - C - x(3) - [LIVMFYWC] - x(8) - H - x(3,5)-H

Analyzing the querysequencefrom figure 4 (a), with a supportof 40% (2219)
againstthis datasetwe obtaineda total of 57 patterns,which threeof themaremaximal.
It took0.219secondsto mine.

Tubulin Dataset {emotif}

This datasetis usedasanexamplein theemotif database[Wu et al. ]. It contains
a total of 159sequenceswith anaveragelengthof 40. Emotif generatespatternson a set
of alignedsequences,dependingon thespecificityor thesentitivity requiredby theuser.
An exampleemotif patternis:
m[fy].[kr].af[ilv]h.[fy]..egm[de]e.[de]f[ast][de]a..[dn]...l..[de][fy]..[filvy]

Thismotif matches134outof the158sequencessupplied.Scanningthequeryse-
quencein figure4(b)againstthetubulin datasetwith asupportof 90%(143)123frequent
patternsarefound in 0.016seconds.Two of thesepatternsaremaximalandarealigned
with thequerysequence.For a supportof 60%(95) 1435sequenceswerefoundin 0.23
seconds.Sevenof thesesequencesaremaximal.
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Figure 4. Extracted maximal patterns, with respective suppor t and density: (a)
Alignment of a quer y sequence from the C2H2 famil y; (b) Alignment of a quer y
sequence from the Tubulin famil y.

5.2. Pattern Selection

In order to assess thequality and the usefulnessof the reportedpatternswe apply the
query driven miner to threedifferent situations. First we definea set of statisticsto
be obtainedfor eachpattern. Thesestatisticsenablethe scoringselectionof the most
interestingpatterns.We will usethe term Sensitivity(Sn) [Brazmaetal. 1995] to mea-
surethe proportionof sequencesof the target family coveredby the pattern. The term
Specificity(Sp) is usedto measurethe proportionof sequencesoutsidethe target fam-
ily that arematchedby the pattern. The two measuresaredefinedas: Sensitivity =
TP/(TP + FN ) ;Specificity = TN/(TN + FP ) , whereTP , TN andFN correspond
respectively to thenumberof TruePositives,TrueNegatives andFalsePositive matches
of a pattern.Additionally, we make useof anadaptationof anothermeasurecalledDis-
criminationPower(Dp) [Ben-HurandBrutlag2003]thatwedefineas:Dp = TP

|IF |
− FP

|OF |
.

In thiscase|IF | and|OF | correspondrespectively to thenumberof sequencesin thetarget
family andoutsidethe target family. Note that the rangeof valuesfor Dp is between-1
and1, whereasfor theSensitivity andSpecificityis in between0 and1. This measureis
particularlyusefulasafilter sincethegreatertheDp value,themoreselective thepattern
is.

5.2.1. Experiment One

In this experimentwe madeuseof a setproteinsrelatedby a groupof PROSITE(release
19.6)entries.Thisgroupis calledInhibitorsandis composedby 13entries(families).For
eachentry we retrieve thesequencesin Swiss-Protmatchingthe respective pattern.We
consideredauniquedatasetwith all the3865sequencesandfor eachfamily werandomly
choose10sequencesto mine.For eachevaluatedsequencewedeterminedabasesupport
which correspondsto the maximumsupportwherethe querysequencecontainsat least
onefrequentpattern. To obtainthe frequentpatternswe apply a supportof 80% of the
basesupport. Only patternswith a sizegreaterthan3 amino-acidsanda Dp > 0 are
considered.Table 4 summarizesthe obtainedresultsfor the 13 setsof proteins. The
familiesps00280,ps00282andps00286presentthesetof motifs with thehighestfamily
correlation,ie. the highestDp. Figure 5(a) shows a graphof the distribution of the
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Family NumSeq Supp(%) Dp > 0 Patterns TotalPatterns Sn Sp Dp
ps00280 427 0.015 4.5 7.2 0.477 0.968 0.591
ps00281 132 0.027 10.4 20.2 0.145 0.950 0.212
ps00282 288 0.038 6.0 12.2 0.280 0.970 0.386
ps00283 604 0.026 5.0 21.6 0.107 0.990 0.183
ps00284 1230 0.030 7.2 15.0 0.050 0.982 0.086
ps00285 74 0.030 4.0 16.0 0.054 0.930 0.063
ps00286 35 0.195 6.2 7.6 0.351 0.955 0.404
ps00287 312 0.020 6.9 28.9 0.025 0.951 0.024
ps00288 64 0.035 5.7 7.9 0.155 0.926 0.221
ps00426 73 0.025 5.5 12.4 0.127 0.931 0.165
ps00477 178 0.022 7.1 28.1 0.026 0.955 0.027
ps00553 14 0.034 4.7 6.4 0.261 0.920 0.342
ps50279 434 0.015 11.0 41.3 0.040 0.974 0.060

Table 4. Results of the evaluation of the sequences from the group of Inhibitor s.
The last three rows sho ws the average results of Sn, Sp and Dp for each famil y.

patternswith respectto theSensitivity versusSpecificityfor threeof thefamilies.

5.2.2. Experiment Two

Althoughoursequencemineralgorithmfindsinterestingsequencepatternsin asetof un-
relatedproteins,like for examplein thedatasetof thepreviousexperimentwhereproteins
from 13familiesareconsideredtogether, it isbestsuitedfor setsof relatedproteins.In this
experimentwe analyzethequerysequencewith relationto a uniqueproteinfamily. This
allowsusto directlycontrolthesensitivity of thepatternssincethesupportdefinesamin-
imum boundfor this measure.In this casethespecificityis definedlike in [Wu etal. ] as
theexpectednumberof falsepositivesapatternmaymatch.So, let S = s1 s2 . . . sn, then
P (S) =

∏n

i=1
p( si) , wherep( si) is thefrequency of si in theSwiss-Protdatabaseandfor

si =
′ .′, p( si) = 1 . Thenumberof expectedfalsepositives,EFP(S)=P(S)× NResidues,

whereNResiduesis thenumberof possiblematchpositions(numberof residuesin Swiss-
Prot). It canbeverifiedby empiricalobservationthat this calculationgivesa reasonably
estimateof thenumberof occurrencesof a sequencepattern.We choosethefamily Zinc
finger PHD-type(ps00516)alsocalledC4HC3. This family contains2654sequences,
wherethesequencescontainanaveragelengthof 597.8amino-acids.In this experiment
weevaluated100randomlychosensequences.Only patternswith a lengthgreaterthan3
wereextracted.Constraintsweresetto: maxgap= 20; window = 25. Theaveragetime
to mine eachsequencewas1.5 seconds,with an averagenumberof 8 frequentpatterns
reported.For the100sequencesa total of 1151patternswerereported.Figure5 (b) dis-
playsthesupportvariationversustheexpectednumberof falsepositivesthatthereported
patternswill matchin theSwiss-Protdatabase.We canobserve thatdueto thelargesize
of thefamily, only for smallsupportvaluesasignificantnumberof patternsis found.

5.2.3. Experiment Three

In this lastexperimentwe developeda simpleclassifier. We selectthesetof proteinsthat
matchthe patternsin the groupof Receptorsfrom the PROSITE database.This group
contains27 entriesmatchinga total of 13458proteinsequences.To classifya sequence
S,wedefinedtheMatchExpectationScore(MES)with respectto a family of proteinsCi

as,MES(S|Ci) =
∑n

j=1
{motifSpan × support}j, wheren correspondsto thenumber

of motifs for S w.r.t Ci. Next, we performeda “sequence-against-family” analysisfor all
the27 families. All thesequencesof eachfamily wereevaluatedandtheaverageof the
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Figure 5. (a) Distrib ution of Sensitivity versus Specificity for the patterns from
the families ps00280, ps00282 and ps00286; (b) Distrib ution of the expected false
positive in the Swiss-Pr ot database for diff erent values of suppor t for the patterns
of the sequences in C4HC3 dataset; (c) Similarity Matrix for the classification per-
formed on the 27 families on the group of Receptor s from the Prosite database .
Rows and columns indicate the respective famil y identifier .

MES valuescalculated.Finally a similarity matrix for all the27 familieswasobtained.
This matrix is representedin figure5 (c). Theblackareasindicatehighersimilarity and
white areasa low similarity. Despitetheaim of theexperimentwasnot to build a robust
classifier, thequality of theresultsobtainedsuggesttheuseof this approachin complex
problemslikeproteinsequenceclassification.

6. Conclusions
In thispaperweproposeamethodthatgivenasequenceto beanalyzed(querysequence)
andadatabaseof sequences,it findsall thefrequentpatternspresentin thequerysequence
with respectto thedatabase.In this way, only the frequentpatternspresentin thequery
sequencearereported.It providesacloseranalysisof thequerysequencein relationto all
thesequencesin thedatabase.Theuseof themethodresultsinto aconsiderableefficiency
gain whencomparedto a queryblind approach.It is, asfar aswe know, thefirst method
to tackletheproblemof sequencepatternsanalysisfrom thisperspective. Themethodhas
ahighadaptabilitymakingpossibletheextractionof two maintypesof patterns,rigid and
flexiblegappatterns, underthesamealgorithmicframework. Thedataorganizationturns
the introductionof constraints, substitutionsetsandscoringmeasuresa straightforward
process.
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