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Abstract. Thediscoveryoffrequenpatternspresenin biological sequencelas
a large numberof applications,rangingfrom classification clusteringand un-
derstandingsequencstructure andfunction. Thispaperpresentsan algorithm
that discovers frequentsequenceatterns(motifs) presentin a querysequence
in respectto a databaseof sequencesThequeryis usedto guide the mining
processandthusonly the patternspresentin the queryare reported. Two main
typesof patternscan be identified: flexible and rigid gap patterns. The user
canchooseto reportall or only maximalpatterns.Constaintsand Substitution
Setsare pushedlirectlyinto theminingprocess Experimentakvaluationshows
the efficiencyof the algorithm,the usefulnesandtherelevanceof the extracted
patterns.

1. Introduction

Dueto the exponentialgrowth of newly discoveredbiologicalsequenceéDNA, proteins
and other typesof fragments),witnessedin the last decadesthe subjectof sequence
analysisplaysa centralrole in bioinformatics. In this contet, one of the mostimpor-
tanttasksis the discovery of sequenceatternsalsocalledmotifs. Differentapproaches
andseveral methodshave beenproposedo tacklethis problem. Earlier type of propos-
als consistedn a multiple alignmentof the evaluatedsequencefHirosavaetal. 1995],
with a subsequenteportof a consensusequenceavith the regions of detectedsimilar-
ity. Dueto theinherenthigh computationatoststhis approachs only suitablefor small
setsof closelyrelatedsequencesAnother possiblesolutionis basedon sequenceat-
tern enumerationywherecandidatepatternsare obtainedfrom combinationof the differ-
ent eventspresentin the input sequences Enumerationmethodscan be distinguished
by the way they traversethe solution spaceand by the order that they enumeratehe
patterns. The Data Mining community has a large body of work on the relatedtask
of discovering event-setsequencepatternsfrom transactionaddatasets. The proposed
algorithmsare bestsuitedfor datasetsvith mary (typically millions) sequencesvith
a relatve small length (from 10 to 20), and an alphabetof thousandf events, e.g.
[SrikantandAgrawal 1996, Zaki 2000, JianPei2002, Ayresetal. 2002]. In these algo-
rithms, several typesof constraintsaareincludedandstudied. Consideringthe character
istics inherentto biological sequencalatabasesjamelyprotein databaseghundredsof
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sequenceswvith big averagelength, usually greaterthan 100), alternatve methodswere
proposeddy the bioinformaticscommunity An exampleof suchmethodosthe Teiresias
[RigoutsosandA.Floratos1998]algorithm. Whena particular(query)sequencés given
for investigation, for instancea recently discovered protein, the detectionof sequence
patternsmay provide valuableinsightsaboutthe proteins. A possibleanalysissolution
is to scanthe query sequenceagainst a databaseof signaturepatternslike PROSITE
[Bairoch1991] or Pfam [A. Batemar2003], trying to identify the respectre sequence
family. A signaturepatternis a patternthatideally matchesall the sequencem a certain
family andno othersequencesl hesepatternsanexpressmportantfunctionalproperties
relatedto thefamily. Se\eraltoolslike interProScafEMBL-EBI | or eMotif [Wu etal. ]
canbeused. Thesetools essentiallydiffer in the type of patternsthey searchandin the
way they outputpatterns.The signaturepatternscanbe obtainedthroughmanualinspec-
tion of the sequencesr throughautomaticprogramslike Pratt[Jonassemtal. 1995].
Prattsearchesor consered patternsin a setof relatedprotein sequenceseportinga a
smallnumberof patternswith the highestquality. Unfortunately Prattis not suitedfor
finding conseredpatternan smallsubset®f adatabase.

Bearingin mindthislastproblemandtheimportanceof patternanalysisn alarge
numberof biologicalproblemswe presenta methodthatreportsall the frequentpatterns
occurringin a query sequencavith respectto an userdefineddatabase.The query se-
guencds usedto drive the mining procesgnsuringcontainmenbf thereportedpatterns.
The differenceto the previous approachess that patternsneednot to be known in ad-
vanceasis the caseof PROSITE or Pfam andneednot to be signaturepatternsasthe
onesoutputtedby Pratt. Therefore,our algorithmallows a refinedanalysisby enumer
ating patternsthat eventually occurin a small subsetf the databasesequenceslt may
yield the identificationof sub-families and overcomethe high computationaldemands
typical of the multiple alignmentproblems.Two typesof patternswith variableor fixed
lengthspacingbetweerevents,satisfyingthe userrestrictionsandassociate@ptionscan
beidentified.

Two possible applications of this method are sequence classifica-
tion [FerreiraandAzevedo2005b, Ben-HurandBrutlag2003] and clustering
[GuralnikandKarypis2001]. Sequencepatterns appear as highly discriminatve
featuresto predicta proteinfamily or to group sequenceaccordingto their similarity.
The discovery of patternscan also be usedin the detectionof subfamilies within a
larger setof sequenceom onefamily [Brazmaetal. 1996],in ataskcalledSubRmiliy
Detection The proposedmethodcan also be usedto createa profile for eachof the
sequenceshroughtherespectie extractedpatterns.

2. Preliminaries

In this work our main concernis protein databasesthus we are only consideringthe
alphabebf amino-acidsdenotedasy.. Eachsymbolof thesequences genericallycalled
aneventandthedistancebetweerconsecutie eventsasgaps Two maintypesof patterns
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canbedistinguished:

e Rigid Gap Patterns only containgapswith a fixed length. The symbol“.” is
usedto denotea gap of sizeone andt matchesany symbolof the alphabet.Ex:
MN. A.CA

e Flexible Gap Patterns allow a variablenumberof gapsbetweeneventsof the
sequenceWe will usethe notation—zx(n, m)— to denotea variablegap with n
minimumandarm maximumnumberof gaps.Ex: M N —z(1,2)—A—x(0,1)-C

A patternS is containedn a patterns’, if S canbe obtainedby droppingsome
eventsof S’. A sequenceatterns$ is frequentf it occursin atleasts (minimumsupport)
sequencesf thedatabasandinfrequenibtherwise.Thecoverlist representghelist of all
thesequencaentifierswherethe patternoccurs.We will follow adefinitionapproximate
to theoneusedin [RigoutsosandA.Floratos1998]andconsidera patternto be maximal
if it is not containedin ary other patternand can not be mademore specific,i.e. it is
not possibleto replacea wild cardsymbolby a concreteeventandstill have afrequent
pattern.Whenextendinga sequenc@atternsS =< s; sy ...s, >, withanewewent s, 1,
S is calledabasesequencandS’ =< s; s5 ... s, S,411 > theextendedsequencelf an
event b occursaftera, it is denotedt as:a — b. a is calledthe predecessofpred) and
b the successofsucc) Whensomeprior knowledgeon the type of patternsthatoneis
looking for is available,constraintsappearasan efficient way to prunethe searchspace
andto focusthe searchon the expectedpatterns.The mostcommonandgenerictypesof
constraintsare:

e ItemConstaints restrictsthe setof the events(excludedEventsSethat may ap-
pearin the pattern.

e GapConstaints defineghe(minGap minimumor themaximumdistancgmax-
Gap) thatmay occurbetweerntwo adjaceneventsin the sequencgatterns.

e gapRenaltyConstaints measureshe densityof a pattern,throughthe ratio be-
tweenthe numberof concreteeventsandthe spanof the pattern.

e Duration or Window Constaints definesthe maximumdistance(window) be-
tweenthefirst andthelasteventof the sequenceatterns.

Anotherusefulfeaturein biological sequencatternmining is the useof Equiv-
alent/Substitutiorsets Whenusedduringthe mining processaneventcanbe substituted
by anotherventbelongingto thesamesetwithoutlost of meaning.To reportour patterns
a syntaxsimilar to the PROSITE [Bairoch 1991] syntaxwill beused.Sincethe maximal
patternsmay not necessarilype the mostinterestingones,we designedur algorithmin
orderto derive bothall or maximalpatterns.

The problem we addressin this papercan be formulated as follow: given a
databasef sequence®), a querysequence), a minimum supporto, andthe optional
parametersninGap maxGap window excludedEventsSeind substitutionSetdensity
thresholdgapRenalty, find all or the maximalfrequentrigid or flexible gap sequencgat-
ternspresenin D andcontainedn (), which respecfpreviousconstraints.
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%)
a

Sequence
<ABCDE >
<ACD>
<BCBC>
<BCBA>
<ABBCD >

[GIENESIRNINE

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 andthen selectthosethat occurin ). Becauseunnecessargomputation
would bedone this“queryblind” methodis clearlyanave approachlnsteadwve will use
anadaptatiorof the algorithmicapproachollowedin [FerreiraandAzevedo2005a](an
algorithmcalledglL) to mine frequentsequenceatternsof D presentn (), underuser
definedconstraints.Our proposednethodusesa Bottom-Up searchspaceenumeration
anda combinationof frequentpairsof eventsto extendandfind all thefrequentpatterns.
The algorithmis divided in two phases:scanningphaseand sequencextensionphase
Sincethe frequentpatternsare obtainedfrom the setof frequentpairs, the first phaseof
themethodconsistdn traversingall the sequences the databaseandbuilding two aux-
iliary datastructuresThefirst structurecontainshe setof all pairsof eventsfoundin the
database Eachpair representatiopointsto the sequencesvherethey appear(through
a sequencedentifier bitmap), seeFigure 1 (a). The seconddatastructureconsistsof a
vertical representatiomf the databaselt containsthe positionsor offsetsof the events
in the sequencewherethey occur seeFigurel (b). Thisinformationis requiredto en-
surethe orderof the events. At the endof the scanningphasewe obtaina mapof all the
pairsof eventspresenin the databaseanda verticalformatrepresentationf the original
databaseln the secondphasethe pairsof eventsare successiely combinedto find all
thefrequentpatterns.Theseoperationsarefundamentallybasedn twoproperties:

Propertyl Anti-M onotonic, All supesequencesfaninfrequensequencareinfrequent.

Property2 Sequence Transitive Extension, Let S =< s1...s, >, Cg isits cover list
andOg thelist of the offsetvaluesof S for all thesequence® Cs. Let P = (s; — s,,), Cpisit
cover list and Op the offsetlist of succ(P) for all sequencesd Cp. If succ(S) = pred(P), i.e.,
sp = s, thenthe extendedsequence =< s; ... s, s, > Will occurin Cg, where Cp = {x €
CsNCp, Op(z) > Og(x)}.

Hence,the basicideais to successtely extend all the frequentpair of events
presenin the querysequence) with anotherfrequentpair. This extensionholdsaslong
asthepredecessarf theextensionpairis equalto thesuccessoof theextendedsequence
andtheextensionpairis containedandrespectsheorderof (). Thisjoining stepis sound
provided thatthe abore mentionedproperties(1 and2) arerespectedProperty?2 yields
thecoverlist of theextendedsequencéC'r) andtheoffsetListof succ(E). Thejoining of
pairscombinedwith a depthfirst traversalyieldsall the frequentpatternsn the database
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alsocontainedn Q.

3.1. Scanning Phase

Thefirst phaseof the algorithm consistsn the following procedure:For eachsequence
in D, all orderedpairs of eventswithout repetitionsare obtained. Additionally an N-
bidimensionalmatrix (N is the size of the alphabet)is built and updated. We call this
structurethe BitmapMatrix (BM). EachCell(i, j) containgheinformationrelative to the
pair: — j. This informationconsistsof a bitmapthatindicatesthe presencdl) or the
absenc€0) in therespectre sequencéi-th bit correspond$o thesequenceéin D) andan
integerthatcontainsghe supportcount. This lastvalueallows afastsupportchecking.As
anexampleseefigure 1 (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

Simultaneouslyas eacheventin the databaseas being scanneda seconddata
structurecalledOffsetMatrix (OM) is alsobuilt. Conceptuallythis datastructureconsists
of anadjacenyg matrix thatwill containall the offset (positions)of all the eventsin the
entiredatabaseEacheventis akey thatpointsto alist of pairs <Sid OffsetList>, where
OffsetListis alist of all the positionsof the eventin the sequencé&id The OffsetMatrix
is a vertical representationf the databaseFigure 1 (b) showvs the informationstoredin
the Offset Matrix for the event B.Oneshouldnotethatthe scanningphaseis performed
onceandthe two datastructuresarekeptin mainmemory Seweral algorithmrunswith
differentsupportvaluesdo not imply additionaldatabasecanning. Only the sequence
extensionphases performedduringthe variousinteractions.

3.2. Sequence Extension Phase

input : S(BaseSequence); P(ExtensionPair); o(Support)
Cg = bitmap(S)andCp = BM.bitmap(P)
Cgqr =CsnCp
if support(Cgs) > o then
returnOK

GRAWNE

end

Algorithm 1. SupportTest

Forimplementingheextensionphasene presentwo tests(algorithms).Conjunc-
tively they arenecessargndsufficient conditionsto considerasfrequenta new extended
sequenceAlgorithm 1 is a quick testthatimplementsproperty1l. The bitmapfunction
getsthe correspondenbitmapsof S and P. Theintersectionoperationis alsovery fast
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andsimpleandthe supportfunctionretrievesthe supportof theintersectiorbitmap. This
testallows the verification of a necessanput not suficient condition for the extended
sequencéo befrequent.A secondestis necessaryo ensurethatthe orderof the events
is keptalongthe sequencethat Cs; bitmappointsto. Algorithms 1 and2 assumeshat
for eachfrequentsequenceadditionalinformationbesideshe sequenceventlist is kept
duringthe extensionphase Namely the correspondenitmap,thatfor the caseexposed
in algorithm1 will be Cy if S’ is determinedo be frequent. Also two offsetlists in the
form <Sid offset> arekept. Onewill containtheoffsetof thelasteventof thesequence,
offsetLastEvenandwill beusedfor the“Order Test”. The secondpffsetStartEventon-
tainsthe offset of the first event of the sequenceatternin all the Sid whereit appears.
Thiswill beusedwhenthe verificationof thewindow constraints performed.In the Or-
derTestgivenabitmapresultedrom the supporttestthe getSeqldLst functionreturnsthe
list of thesequencéentifiersfor the bitmap. ThefunctionoffsetLstreturnsalist of offset
valuesof the eventin therespectre Sid. For eachsequencédentifierit is testedwhether
the extensionpair hasan offset greaterthanthe offset value ofthe extendedsequence.
This implementsthe computationof C'r andthe offsetList of succ(E) asin property?2.
In casethe userchoosego obtainflexible gap patternsthe function get F'Min M axGap
returnsthe minimumandthe maximumgapsfrom thelist of gaps(line 13). For rigid gap
modethe methodsearchegor the minimum gap value (throughget RGap function) that
still enablethe patternto befrequent.Notethatall thedifferentgapvaluescanbeusedto
obtaina patternextensionwith the sameevent. Next, all the Sid that allov a gap of this
size(lines16to 21) areselectedAt theendof theprocedur€line 24) it is testedvhether
theorderof the extendedsequenc@atternis respectedn a sufficientnumberof database
sequencedn thepositive casethe extendedsequencés consideredrequent.

input : Cg/(Bitmap); S(Base Seq); P(Ext. Pair); o(Support)

1 seqLst = getSeqldLstC g/ );
2 E, = succ(P);
3 cnt = 0;
4 foreach Sidin seqLstdo
5 0O, = OM offsetLs{(Sid, E,);
6 Y = S.offsetLastEent(Sid);
7 W = S.offsetStartEent(Sid);
8 if3X € Oy, X > Y then
9 gap = X — Y; gapLst.addfap);
10 cnt = ent + 1;
11 end
12 if mode = FLEXIBLE then
13 (fMin, f Max) =getFMinMaxGaggapLst);
14 else
15 rGap = getRGafjgapLst, o);
16 foreach Sidin seqLstdo
17 Repea Step 510 7,
18 if3X € Oy, X — Y = rGap then
19 cnt = ent + 1;
20 end
21 end
22 end
23 end
24 if ent > o then
25 returnOK;
26 end

Algorithm 2: Order Test

Givenalgorithm1 and 2, property 3 guaranteeghe necessarand suficientcon-
ditionsto safelyextenda basesequencénto a frequentone



XXI Simpdsio Brasileiro de Banco de Dados

Property3 Frequent Extended Sequence, Givena minimumsupporto, a frequentbase
sequenceS =< E;...E, >, where |S| > 2 andapair P = E, — E,. If E, = E},
thenS’ =< Ei ... Ey, gni Er >, Where g, , = —x(mingap, mazgap)— if in flexible modeor
x(mingap) if in rigid mode is frequentf algorithm1 and2 returnO K.

3.3. Space Search Traversal

Guidedby the query sequence), the searchspacecan be traversedusing a depthfirst
traversalmode.During the traversal,the setof the frequentsequencestartsasthe setof
thefrequentpairspresenin ) (hamedasseedpairs - in gray at Figure 2) . The traversal
beginswith a sequencef size2 thatis successiely expandeduntil it cannot be further
extended. If we view the searchspaceas a tree this meansthat for a given branchof
the tree (which representsa sequence)we stepdown as much as possiblein the tree.
Thenwe backtrackandre-startsearchusinganotherpath. An adwantageof this type of
traversalis thatwhenlooking for maximalsequenceall the subsequences thelongest
sequencéoundwhentraversingabranchof the spacereecanberejected.Consequently
it reducesthe numberof potentialmaximal sequenceso consider In the example of
Figure2, we do a level-by-level searchof the frequentpatternspresenin (). Eachlevel
correspondgo a positioneventin () thatis the prefix of all the seedpairsat thatlevel.
For instancelevel 1 startswith theeventatpositionlin (Q andcontainsA — B, A — C
andA — D. If aneventis repeatedn () thenthe correspondenievel it is not tested
sinceall patternsobtainedfrom the repeatedseedpair will be containedn the frequent
patternsfound before. When extendinga frequentpatternand obtainingan infrequent
one, the sufix eventis neglectedand the posterioreventin () is thentested(ex: the
patternAB — x(0, 1) — C becomesnfrequentwhenextendedwith B. ThusB is rejected
andanew extensionis testedwith D, sinceit follows B in (). During the mining process
alist of the maximalpatterngs kept. Only the longestsequenc@atterngmarked within
a box) found aretested. The testconsistsin checkingwhetherthe patternis contained
or containsother sequencefrom this list. The maximal patternsfor this exampleare:
AB — z(0,1) — CD and BC'B. We shouldnotethatthe proceduregdescribedn Figure
2, isidenticalfor rigid andflexible gappatterns Also, in therigid patternsextraction,the
gapsizeof thesequencem D matchtherespectre gapsin Q.

4. Constraints

Theintroductionin our methodof constraintsik e min/maxgap, windowsize itemsexclu-
sionis a straightforward processandtypically translatesnto considerablgerformance
gains. The introductionof substitutionsetsis alsovery easyto achieve. Implementing
the event exclusion constraintand substitutionsetsrequiresonly simple changesn the
Bitmap Matrix (usedto verify if patternsarefrequent)andin the OffsetMatrix (discrim-
inatesthe positionsof the eventsin every sequencevherethey occur). Thesefeaturesare
appliedbetweenhe scanningphaseandthe sequencextensionphasepeforealgorithm
2 is performed.
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Q=<ABCBD> win. support=2

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

AB () K Ax02-C(3) ok NotTested [A-x(13-D|(3) ok
AB-x(01)-C (2)/ok  A-x(02-CB (0) X
AB-x(011-CB (0) X [A-x(0.2-CD(3) (oK
/AB-x(0,1)-CD|(2) ok

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

BC (4) o B-x(0.1)-BJ(3) ok @) o

o Bx01BB (L)X

BCBD (0) X

c->B C->D
CB (2) ok CDI(3) ok
CBDJ(0)
B->D

Not Tested

Figure 2. Example of the frequent flexible pattern finding in respect to @ 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

The eventexclusionconstraintis appliedtraversingthe rows and columnsof the Bitmap
Matrix wherethe excludedeventsoccurs. At thosecells, setto zerothe support! count
variable. When substitutionsetsare actvatedwe have one or more setsof equvalent
events.For eachsetof equivalenteventsonehasto make theunionof therows (horizontal
union) and columns(vertical union) in Bitmap Matrix, wherethoseeventsoccur The
vertical unionis similar to the horizontalunion. Moreover, for all the equivalentevents,
oneneedso pairwiselyintersectthe sequenceghroughthe bitmaps)wherethey occur
andthenperformthe union of the offsetListsfor the intersectedsequencesThis results
in the new offsetListsof the equivalentevents.

4.2. Min/Max Gap and Window Size

Theseconstraintsaretrivially introducedin the “Order Test”. In algorithm2, the testin
line 8 and15is extendedwith threeadditionaltests: (X — Y') < maxGap AND (X —
Y) > minGap AND (X — W) < windowSize.

5. Experimental Evaluation

To testour algorithmwe developeda prototypewrittenin the C++languageindcompiled
with g++, for linux andwindows XP. All theexperimentsvereperformedon 1.5GHzIn-
tel Centrinomachinewith 512MB of main memory runningwindows XP Professional.
Performancevaluationwasdonethroughtheuseof threedifferentproteindatasetsvhich
exhibit differentfeatures.Two of thedatasetsvereobtainedrom PFAM (seeTable2 (a)).

IFutureinteractionson this datasetstill have the Bitmap Matrix intact sincethe bitmapsremainun-
changed
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The A2M consistf a family of the A-macroglolulin receptor{PF07677).The CRY S-
TALLIN iscomposedby asetof proteinsthatoccurin high concentratiorn thecytoplasm
of eye lensfiber cells (PF00525).The Yeast(sacharomyceserevisiae datasets avail-
ableat [GenBanK]. In this sectionwe focusour attentionin the performancdssuesof
the method. We applieda “leave-one-otit methodologyfor computationaperformance
evaluation.The presentedaluesrepresentverageresults.Thetime to performthe scan-
ning phaseas almostnegligible. It takeslessthan0.1 secondgor the above two datasets
and0.6 seconddor asyntheticdatasetvith 8000sequencewith anaverageengthof 60.

Dataset Protein Intra Similarity | Avg. length| Stdes length| N° instanced||| Relatve o | Absolutes | Max. | All SpanMax. | Num. Events| Time Max (secs)
A2M A-macroglohulin 32% 88.4 3.03 54 4% 2 128 | 253804 25.6 4.9 50.7
CRYSTALLYN Crystallin 67 % 53.6 1.70 13 5% 3 119 | 26752 22.7 4.3 2.9
Yeast Yeast 43% 255 256 393 6% 4 105 | 8592 21.0 3.8 0.2

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

gapPenaltyThresholiMax | All | Avg. Events| SpanMax. | Time (secsMax
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 5.97 212 2.94

M
Relative 7 | Absolutes [ Max | All | Avg. Events] Time (secs)Max | Time (secs)All i
80% 42 27777| 797930 6.35 745.0 24.07 it
85% 45 16519| 366502 5.80 95.0 11.2 i
i

Tl

Iy

1l

90% 48 3848 | 102074 5.35 7.06 3.20
95% 50 1411 | 33810 5.03 141 1.07

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,the numberof All and
Maximal rigid gap patternsfound. As we cansee,Maximal patternsrepresenpnly a
small fraction of All patterns. Constraintsare checled but are setto neutralvaluesin
orderto not interferein the mining process.We alsoshawv the spanlengthandthe av-
eragenumberof eventsof the maximalsequencesResultsshowv thatfor lower support
valuesmorefrequentpatternsarefoundwith greateraveragespan.Table3 shavs there-
sultsfor the FLEXIBLE modeappliedto the A2M datasetThis modeis moreexpensve
sincethe solutionspaces largerthanin therigid mode.The moredemandingpperation,
largely dueto the ratio All/Max patternsis the maximaltest. If we ignorethis testwe
can achiese significanttime improvements. For instancein table 3(a) we canseethat
for a supportof 80% in A2M dataseit took 745 secondgo find the maximal flexible
patterns.However, whenignoring the maximaltest, computationreducego 24.07sec-
ondsrepresentingan improvementaround97%. It is alsopresentedhe averagenumber
of eventspresentin a flexible pattern. Again, we canseethat for lower supportvalues
the averageof the patternlengthandspanincreasesFigure 3 (a) shawvs runtimefor the
A2M datasein Flexible mode,for a supportof 80% and maximal patterns,with rela-
tion to two constraints.For a valuelessthan50 both constraintshave avery restrictve
impactin the patternextraction process. For valuesgreaterthan 70 the impact of the
constraintsbecomeseutral. Figure 3 (b) shavs the runtimesfor differentsupportval-
uesin the presencef the maxGapandwindow constraints Dueto its relative high intra
similarity, the Crystallin datasetasa high density in contrastto A2M datasetwhich is
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A2M (FLEXIBLE) Crystallin (FLEXIBLE) maxGap = 5 Window = 40 A2M (Rigid) Time V'S Query Seq. Length Yeast (Rigid Patterns) L=2 W=10
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Figure 3. (a) Flexible patterns for A2M dataset in the presence of the Window
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 query sequence A2m dataset; o = 5% (d)
glL and Teiresias[L=2 and W(maxGap)= 10] algorithms, suppor t variation for the
Yeast dataset.

sparser Additionally, the two datasetdave differentsizes. This explainsthe different
rangeof minimum supportvaluesused. Clearly the introductionof the constraintsep-
resentsa significantruntime reduction. Figure 3 (c) shaws the impactof the sequence
lengthin thealgorithmruntime. Fromtable 3 (b), we canseethatthe gapRenalty Thesh-
old is alsoa constraintwith a directimpactin the numberof reportedpatterns. Lower
valuesfor this thresholdrestrictsthe spanof the patternsand consequentlyhe average
numberof eventspresenin a patternis smaller For a comparisorof the performanceof
the proposedapproachwith two otheralgorithms:SFAM [Ayresetal. 2002](for flexible
gap patterns)and TeiresiagRigoutsosandA.Floratos1998] (for rigid gap patterns)see
[FerreiraandAzevedo2005a].In thiswork we show thattheglL algorithm,in whichthis
methodis basedputperformghe methodsmentionedabove.

Consideringall experimentswe concludethat the algorithm’s runtimeis essen-
tially affectedby the numberof reportedfrequentpatterns. The query sequencéength
andtheintra similarity of the sequencem thedatabasarethetwo variableshathave the
major impactin the numberof outputtedpatterns.in more computationallydemanding
situationsor whenuserwantsto specifythe type of patternsconstraintshave provedto
be effective andvery efficient.

Theefficiencgy of our querydrivenapproacttanbeassessethroughacomparison
with the query blind approach.Considera queryblind applicationwherefor the A2M
dataset(seesection5) and a supportof 15%. Mining (all andrigid gap patterns)the
entiredatabas¢éakes91.5secondsComparinghistime (plusthetime to extractonly the
patterngpresenin the querysequence)vith the time thatour methodtakesfor the same
support,0.15secondsthefirst approachakesatleast610timesmoretime. For the Yeast
datasebur methodtakes0.7 and 1.2 seconddor a supportof respectiely 10% and5%.
TheglL algorithm[FerreiraandAzevedo2005a](seeFigure3 (d), for acomparisorwith
TeiresiasvhereL andW arerespectiely thenumberof non-wild cardseventsin apattern

10
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andthe maximumspanningoetweerntwo consecutie events)takes9.6 and147 seconds
for the samesupportvalues,whichis 16 and122timesmoreexpensve. This difference
becomesamore significantfor lower supportvalues. This seemsa soundevidencethat

guerydrivenmining appear@asa promisingapproach.

5.1. Pattern Quality

In the past, several sequencepattern analysis algorithms have used the PROSITE

[Bairoch1991]databas¢o evaluatetheir work. PROSITE containshigh quality patterns,
representeddy an enhancedegular expression.Regular expressionpatternsconsistin a

very corvenienttool for fastsequenceanalysisbut have alimited descriptve power and
do nottake into accounthe overall diversity of theinput sequencesAlso they do notre-

portdeviant but closelyrelatedpatterns Enumeratingall thefrequentpatternghatoccurs
in theinput setprovidesa morecompleteoverview of thesequencaimilarities.

5.1.1. Test Cases

We demonstratehe applicationof our algorithmandthe relevanceof the extractedpat-
ternsin real life data. We usedtwo examplesof well know proteinsequencegamilies,
onefrom PROSITE (releas€l9.3)and ongrom eMotif [Wu etal. ]. For eachfamily we
randomlyselectebnequerysequencandsubmittedt to the sequenceniner.

Zinc Finger (C2H2) {prositeid: ps00028}

'Zinc finger’ domainsare protein structuredirst identifiedin the Xenopustran-
scriptionfactorTFIIIA andsincethanhave beenfoundin numerousucleicacid-binding
proteins.It consistan two cysteineqC) andtwo histidines(H) residuesat both extremi-
tiesof thedomain.Prositereportsadatasetvith 5547sequencem Swiss-Protontaining
theconsensupattern.The prositepatternfor the C2H2domainss:

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

Analyzing the query sequencdrom figure 4 (a), with a supportof 40% (2219)
agpinstthis datasetve obtaineda total of 57 patternswhich threeof themaremaximal.
It took 0.219secondgo mine.

Tubulin Dataset {emotif}

This datasets usedasanexamplein the emotif databas¢Wu et al. ]. It contains
atotal of 159sequencewith anaveragelengthof 40. Emotif generatepatternson a set
of alignedsequencesjependingn the specificityor the sentitvity requiredby the user
An exampleemotif patternis:

m[fy]. [kr].af[ilv]h. [fy]..egm[dele. [de] f[ast] [dela..[dn]...1..[de] [fy].. [filvy]

Thismotif matchesl 34 outof the 158sequencesupplied.Scanninghequeryse-
guencan figure4(b) againstthetubulin datasetvith a supportof 90%(143)123frequent
patternsarefoundin 0.016seconds.Two of thesepatternsare maximalandarealigned
with the querysequenceFor a supportof 60% (95) 1435sequencewerefoundin 0.23
secondsSewenof thesesequencearemaximal.
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MEKRKAFLHYYTGEGMEPVEFSEAQSDLEDLILEY( QY (Query Sequence)
(Supp = 90%)
... H.Y..EGH....F.E [144 ; 0.267]
L H....EGH....F.ER [143 ; 0.258]
(Supp = 60%)
MG i R B B B Bl i i i A P B v aiananan 1 [133 ; 0.150]
L o G N Y G ¥ [127 ; 0.261]
. AF . H.Y.GEGM....F.E........... 1 [132 ; 0.261]
H.Y.GEGM....F.ER [134 ; 0.343]

CPKCGKIFRSAHILRIHNLEDH
(Sup = 40)
Co 0K F ... L.. X [2347; 0.277]
CovC Koo nn . L..H...H [2306: 0.23]
piipidipiiiiy L..H...H [2813:0.23] o

====
b
-

iaa PR s A BEMR s s PR Biaaaaad L [95 ; 0.230]
....... H.Y..EGH....F.E.......L [95 ; 0.231]
....... H....EGH....F.EA......L [95 ; 0.231]

Figure 4. Extracted maximal patterns, with respective support and density: (a)
Alignment of a query sequence from the C2H2 family; (b) Alignment of a query
sequence from the Tubulin family.

5.2. Pattern Selection

In orderto assess thguality andthe usefulnesof the reportedpatternswe apply the
guery driven miner to three different 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 sequencesf the target family coveredby the pattern. The term
Specificity(Sp) is usedto measurethe proportionof sequencesutsidethe target fam-
ily thatare matchedby the pattern. The two measuresire definedas: Sensitivity =
TP/(TP+ FN); Specificity=TN/(TN + FP),whereT P, TN andF'N correspond
respectrely to the numberof True Positives, True Negatives and FalsePositve matches
of a pattern. Additionally, we make useof anadaptatiorof anothemeasurecalledDis-

crimination Power (Dp) [Ben-HurandBrutlag 2003]thatwe defineas: Dp = % — %.

In thiscase 7| and|OF| correspondespectiely to thenumberof sequencem thetarget
family andoutsidethe targetfamily. Note thatthe rangeof valuesfor Dp is between-1
andl, whereador the Sensitvity andSpecificityis in betweerD and1. This measuras
particularlyusefulasafilter sincethe greaterthe Dp value,the moreselectve the pattern
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 the sequences Swiss-Protmatchingthe respectre pattern. We
considerecuniquedatasetvith all the 3865sequenceandfor eachfamily we randomly
choosel0 sequence® mine. For eachevaluatedsequenceve determineda basesupport
which correspondgo the maximumsupportwherethe query sequenceontainsat least
onefrequentpattern. To obtainthe frequentpatternswe apply a supportof 80% of the
basesupport. Only patternswith a size greaterthan3 amino-acidsanda Dp > 0 are
considered. Table 4 summarizeghe obtainedresultsfor the 13 setsof proteins. The
familiesps00280ps00282andps00286presenthe setof motifs with the highestfamily
correlation,ie. the highestDp. Figure 5(a) shavs a graphof the distribution of the
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Family | NumSeq| Supp(%)| Dp > 0 Patterns| Total Patterns| 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 55 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 shows the average results of Sn, Sp and Dp for each family.

patternswith respecto the Sensitvity versusSpecificityfor threeof thefamilies.

5.2.2. Experiment Two

Althoughour sequencenineralgorithmfindsinterestingsequencgatternsn a setof un-
relatedproteins Jik e for examplein the datasebf the previousexperimentwhereproteins
from 13familiesareconsideredogetherit is bestsuitedfor setsof relatedproteins.In this
experimentwe analyzethe querysequencavith relationto a uniqueproteinfamily. This
allows usto directly controlthe sensitvity of the patternssincethe supportdefinesamin-
imum boundfor this measureln this casethe specificityis definedlike in [Wu etal. ] as
theexpectechumberof falsepositvesapatternmaymatch.So, let S = s; s, ... s,, then
P(S) =TI, p(si), wherep(s;) is thefrequeng of s; in the Swiss-Protlatabasendfor
s; ="/ p(s;) = 1. Thenumberof expectedfalsepositives,EFP(S)=P(S) NResidues,
whereNResiduess thenumberof possiblematchpositions(numberof residuesn Swiss-
Prot). It canbe verified by empiricalobsenationthatthis calculationgivesa reasonably
estimateof the numberof occurrence®f a sequencattern.We choosethe family Zinc
finger PHD-type (ps00516)also called C4HC3. This family contains2654 sequences,
wherethe sequencesontainan averagelengthof 597.8amino-acids.n this experiment
we evaluatedlO0randomlychosersequenceOnly patternswith alengthgreaterthan3
wereextracted. Constraintsvere setto: maxgap = 20; window = 25. The averagetime
to mine eachsequencevas 1.5 secondswith an averagenumberof 8 frequentpatterns
reported.For the 100 sequenceatotal of 1151 patternsverereported.Figure5 (b) dis-
playsthesupportvariationversusthe expectecnumberof falsepositvesthatthereported
patternswill matchin the Swiss-ProdatabaseWe canobsenre thatdueto the large size
of thefamily, only for smallsupportvaluesa significantnumberof patterngs found.

5.2.3. Experiment Three

In this lastexperimentwe developeda simpleclassifier We selectthe setof proteinsthat
matchthe patternsin the group of Receptordrom the PROSITE database.This group
contains27 entriesmatchinga total of 13458proteinsequencesTo classifya sequence
S, we definedthe Match ExpectatiorScore(MES) with respecto afamily of proteinsC;
as,MES(S|C;) = > 7_ {motifSpan x support};, wheren correspondso the number
of motifs for Sw.r.t C;. Next, we performeda “sequence-agnst-amily” analysisfor all
the 27 families. All the sequencesf eachfamily wereevaluatedandthe averageof the
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Expected False Posilives vs Support (100 Sequences from C4HC3) All against All of the Receptors
group (PROSITE entries) )

‘‘‘‘‘‘‘‘‘‘ y Support of the Patter (%)

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 tfor 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 family identifier .

MES valuescalculated.Finally a similarity matrix for all the 27 familieswasobtained.
This matrix is representedh figure 5 (c). The blackareasndicatehighersimilarity and
white areasa low similarity. Despitethe aim of the experimentwasnot to build a robust
classifier the quality of the resultsobtainedsuggesthe useof this approachn complex

problemdik e proteinsequencelassification.

6. Conclusions

In this paperwe proposea methodthatgivena sequencéo beanalyzedquerysequence)
andadatabasef sequencedt findsall thefrequentpatterngpresentn thequerysequence
with respecto the databaseln this way, only the frequentpatternspresentn the query
sequencarereported.It providesacloseranalysisof thequerysequencén relationto all
thesequences thedatabaseTheuseof themethodresultsinto aconsiderablefficiency
gainwhencomparedo a queryblind approachlt is, asfar aswe know, the first method
to tacklethe problemof sequenceatternsanalysidrom this perspectre. Themethodhas
ahighadaptabilitymakingpossiblethe extractionof two maintypesof patternsrigid and
flexible gap patterns underthe samealgorithmicframenork. Thedataorganizationturns
theintroductionof constrints, substitutionsetsandscoringmeasuesa straightforward
process.
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