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Abstract

Sequentigpatternminingaimsto nd frequenpatterngguardedbya minimumsupport)in adatabase
of sequencesAsthe supportdeceaseshe numberof sequentiapatternswill increaserapidly. There-
fore, a new trendis to mineclosedsequentiapatterns,i.e. patternswhich haveno superpatternswith
the samesupportin the database Sincemining closedsequentialpatternhasthe samecapability as
mining the completesetof sequentialpatternswhile reducesredundantpatternsto be geneatedand
stored, it is mud economicalndbene cial. In this paperwe proposea novel approad which extendsa
frequentsequencavith closeditemsetsnsteadof singleitems. Themotivationis that closedsequential
patternsare composedf only closeditemsets.Hence unnecessaryjtem extensionswhich genertes
non-closedsequentiapatternscanbe avoided.Furthermoe, we proposelayerPruningvhich remwes
unnecessargnumeation by comparingcandidatepre xesin thesamedayer ratherthancomparingone
pre x againsthistorical ones.Experimentakvaluationshowsthat the proposedapproad is two orders
of magnitudefasterthan previousworkswith a modesimemorycost.

1 Intr oduction

Sequentiapatternmining is a fundamentaddatamining task that hasbroadapplications,ncluding
userbehaior analysis,network intrusiondetectionandtandemrepeatsn DNA sequencesEver since
Argawal et al. [13, 14] introducedthe conceptof sequentiapatternmining in 1995, this problemhas
recevedagreatdealof attention[1, 2, 3, 4, 5, 12, 19]. Mining sequentiapatternis morecomple than
frequentitemsetssincethe permutationf itemsneedgo be considered.Thus,insteadof mining the
completeset of frequentsequentialpatterns,we have strongermotive to mine closedsequentiapat-

terns,i.e. thosecontainingno supersequenceavith the samesupport.Mining closedsequentiapatterns



not only reducethe numberof sequencepresentedo usersbut alsoincreasethe mining ef ciency by
pruningtheenumeratiorspace.

Although mining closedsubsequencesharesa similar problemsettingwith mining closeditemsets
[6, 10], thetechniquesievelopedn closedtemsetmining cannotwork for frequentsubsequencaining
directly becausesubsequenceesting requiresorderedmatchingwhich is more dif cult than simple
subsetesting. To the bestof our knowledge,thereareonly two algorithmsin closedsequentiapattern
mining,includingCloSpar18] andBIDE [16]. CloSpartakestheapproactwhichgenerateacandidate
setfor closedsequentiapatternsandconductgpost-pruningonit. Theideais thatif a new discovered
sequencealis a sub-sequencer supersequencef anexisting sequencs andthe projecteddatabasef
s andsPis equal(closurechecking) thenwe canstopsearchingary descendartf s®in thepre x search
tree(thuspruningthesearchspace)sincefor all  thesupportof sequenca® is equalto thatof s
What makesthe conceptworksis thatthe equivalenceof the projecteddatabasesanbe implemented
by comparingthe sizeof the databases-urthermorethe sizeof the projecteddatabasesanbe usedas
the hashkey to improve subsequence/supersequeaeckingmoreef ciently . However, the candidate
maintenance-and-tegaradigmsufferstheinherentdravbackin scalability

Therefore,Wanget al. proposean alternatve solutionwithout candidatemaintenance.lt adoptsa

sequencelosure-checkingchemecalled BIDE. From de nition, we know thatif a sequences = <

extendsequencé to a new sequenc&®with the samesupport. The sequencé canbe extendedfrom
the right mostdirection (afters,), the left mostdirection(befores;) or in the middle of the sequence
(betweens; ands;i.;). If nosucheventexists,thenS mustbe a closedsequenceThus,the proposed
BIDE schemads to scanfor commonitemsfrom the sequencelatabasewhich might exist betweers;
andsi:+; . As for searchspacepruning, they proposethe BadkScanpruning methodto stop growing
unnecessarpatterndf the currentpre x cannotbe closed.Again, they have de ned the subsequences
wherethe commonitemsaresearchedor this BackScarclosurechecking.AlthoughBIDE do notkeep
trackof ary historicalclosedsequentiapatterngor candidatejor a new patterns closurecheckingit is

a computationatonsumingapproactsinceit needganultiple databasscandor the bi-directionclosure
checkingandthe backscarpruning.

Both algorithmsadoptthe framework of Pre xSpan[12] which grows patternsby itemsetextension



andsequencextension,.e. thelasttransactiorof the currentsequencés extendedwith afrequentitem
in the sametransactior(item extension)or differenttransactionsequencextension).CloSpanprunes
the searchspaceby sub/supesequencesvith equivalent projecteddatabasesyhile BIDE prunesthe
searclspacaf thecurrentpatterncanbeenumeratedy otherpattern.We referto themasasinglephase
reduction Differentfrom previousworks,in this paperwe mine closedsequentiapatternby a bi-phase
reductionapproach,COBRA(standsfor Closedsequentiapatternmining using Bi-phaseReduction
Approach).First, we mine closedfrequentitemsetsthenencodesachof themasa uniqueC.El. Code
to replaceheoriginaldatabaseNext, we generate€losedsequentiapatternonly by sequencextension
of C.El. Codes (closeditemsets).To make pruningmoreef cient, we proposeLayerPruning which
removesunnecessargnumeratiorduring the extensionsof the samepre x pattern.Experimentakval-
uationshawvs that COBRA delivers order of magnitudeperformancamprovementsover the previous
methodBIDE.

The restof this paperis organizedasfollows. We de ne the problemof closedsequentiapattern
mining in Section2. Relatedworks on sequentiapatternsaandclosedpatternsareintroducedn Section
3. Section4 presentur algorithm. Experimentson both syntheticandrealworld dataarereportedin

Section6. Finally, conclusionsaaremadein Section?.

2 ProblemDe nition

Givenadatabas&D of custometransactionsihereeachtransactiorconsistf thefollowing elds:

customeid, transaction-timeandthe itemspurchasedn the transaction.No customethasmorethan

itemsett; is a non-emptysubsetof |, denotingthe items boughtin one transaction. The numberof

itemsetsin a sequences calledthe length of the sequenceind a sequencavith lengthl is calledan

andonly if eacha; (1 | m) canbe mappedby b, (g h,) andpresereits order(l iy <

ip < i <ip n). We say is supersequencef and contains . For example,sequence
=<fA;Bg;fCqg;fD;Eg> is a supersequencef sequence =<fAg;f Dg>, sincethe patternf Ag

(fDg, resp.)isasubsebffA; Bg(fD; Eg, resp.).Onthecontrary =<fC;Dg> is notasub-sequence

of , sincethepatternf C; D g cannotbe mappedo ary itemsetin

3



Table 1. An example sequence database SDB

Sequence
(C)(A;B;C)(B;C)(A;B;C)
(B;C)(A; B;C)(C)
(B;C)(A)(D;F)(A;B;C)(C)
(C)(A)D;E)(A; B;C)

92)
AW N RP=
O

ansid. jSDj representgshe numberof sequence# the databasesD. The absolute support of a
sequence in a sequencealatabasesD is the numberof sequencegn SD which contain , andthe
relative support is the percentag®f sequences SD thatcontain . Without lossof generality we
usethe absolutesupportfor describingthe algorithm while usingthe relatve supportto presentthe
experimentakesults.

Giventwo sequences and . If isasupersequencef andtheirsupportsarethesamewe say
absorbs . A sequentiapattern isaclosedsequentialpattern if thereexistsnopropersequence that
absorb . The problemof closedsequentiapatternmining is formulatedasfollows: givena minimum
supportlevel minsup, our taskis to mine all closedsequentiapatternsin the sequencelatabasevith

supportgreatethanminsup, i.e. thefrequentsequentiapatterns.

Example 2.1 Table 1 showsa sequencealatabaseSD B as our running example Let minsup be 3.
Thecompletesetof frequentclosedsequencesonsistf only six sequencest < (B; C) (A; B;C)>:3,
<(B;C)(B;C)(C)>:3,<(C)(A; B;C)(C)>:3,<(C)(A; B;C)>:4,<(C)(A)A; B;C)>:3,<(C)(A)
(C)>:4q, whilethewholesetof frequentsequencesonsistf 55 sequenceél hevalueafter colonsde-
notesthe supportcount). Most of the frequentsequencesre absorbedby the closedsequencesFor
example frequentsequence& (B)(A; B; C)>:3 isabsorbedy < (B;C)(A; B;C)>:3.

To make connectionbetweencloseditemsetswith closedsequentiapatternswe de ne transaction
supportandsequencsupportof anitemsetasfollows. Thetransactiorsupportof anitemset is de ned
asthe numberof transactionshatcontain while thesequencsupportof is thenumberof sequences
that containthe 1-sequence. As usual,anitemset is closedif thereexist no supersebf with the
sametransactiorsupport.However, anitemset is frequentin asequenceatabasé&D if the sequence

supportof is greaterthanminsup. Thus, is anfrequentcloseditemsetif the sequenceupportis
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greatethanminsup andthereexistsno supersetwith the sametransactiorsupport.

Example2.2 Given minsup = 3, all subsetsof f A; B; Cg are frequentin the examplesequence
databasen Table 1 sinceead itemsethassequencesupport4. However, onlyf Ag, fCg, fB; Cg, and
fA; B; Cg are frequentcloseditemsetsltemsetf B g is nota closeditemsetsinceit hasthe sametrans-
actionsupport8 asitemset B ; Cg. Similarly, itemsetd A; Bg andf A; Cg are absorbedoyf A; B; Cg

sincethey havethe sametransactionsupport5.

3 RelatedWorks

The problemof mining sequentiapatternswvas rst introducedn [13] by Agrawal and Srikant,who
alsoproposedhefamousGSP(GeneralizedsequentiaPattern)algorithmbasednthe Apriori property
[14]. The GSPalgorithmappliesa breadth- rstenumeratiorio generatecandidatepatternsandscans
the horizontaldatabasdor veri cation. However, in situationswith proli ¢ frequentpatterns,long
patterns,or quite low minsup thresholdsan Apriori-lik e algorithmmay suffer from handlinga huge
numberof candidatesetsandmultiple databasecans.To overcomehesedravbacksHanetal. propose
Pre xSpan[12] thatadoptsadepth- rstenumeratiomndscangheprojecteddatabaséalsoin horizontal
dataformat)to extendlongerpatterns.The generalideaof this patterngrowth methodis to recursvely
projectthe databasento a setof smallerdatabasesvith respectto a frequentpatternand extendthe
patternby exploring only frequentitemsin the projectedpartition. Therefore they canavoid expensve
candidategeneratiorandrepeatediatabasscandor supportcounting.

In additionto algorithmsbasedn horizontalformats,Zaki proposedvertical-base@lgorithmcalled
SFADE [19]. SFADE utilizescombinatorialpropertieso decomposéhe original probleminto smaller
sub-problemshatcanbeindependentlgolvedin mainmemoryusingef cient latticesearchtechniques
andsimplejoin opemtions SFAM [1] is similar to SFADE exceptthatit emplgys a vertical bitmap
representationit is moreef cient thanPre xSpanandSFADE, but it consumesnorespacefor vertical
bitmapmaintenance.

Sincepatternmining maygenerate hugeof patternsijt reducesiotonly theeffectivenessut alsothe
ef ciency of mining. Therefore Pasquieret al. [9] have proposedo mine closedpatterndor frequent
itemsets Severalef cient algorithmareproposedor closedrequenttemsetrecentlyincludingA-Close

[9], CLOSET[11], CHARM [20] andCLOSET+[17]. Although,someclosurecheckingandpruning



stratgiesin closedfrequentitemsetcanbe extendedfor closedsequentiapattern,it only prunesnon-
closedpatternsat the item extensionstep. So far, thereare only two algorithmsproposedor closed
sequentiapatternmining, CloSpanandBIDE.

CloSpanappliesa novel conceptcalled the equivalenceof projecteddatabase$or backward sub-
pattern/superpattercheckingto prunethe searchspace.Uponthe generatiorof a frequentsequence,
CloSpanhasto maintainthe frequentsequencegeneratedo far unlessthey areveri ed to be non-
closedby subpattern/superpattechecking.Differentfrom CloSpanwhichis basedntherelationships
amongthe newly foundfrequentpatternandsomealreadyminedclosedpatternsBIDE proposes bi-
directionalscanto remove non-closedatternwithout candidatenaintenancenddevisesa B ackScan
pruning methodto stop unnecessargnumeratiorof pre x sequencequickly. Sincethe criteria for
B ackScan pruningis a commonitem for a particularperiod (called semi-maximumperiods)in all
sequenceghe checkingcanterminateasearly asthe intersectiorbecomesmpty AlthoughBIDE re-
ducesthe memoryrequiremenfor candidatemaintenanceit requiresmore computationrand multiple
datascansn backward checking.In addition,the simplesetintersectionof ScanSkip is uselessf the
approachs appliedto complex sequencecomposedy itemsetse.g. Tablel).

Note that both CloSpanand BIDE followed the sameenumerationstratgy: patternsare gener
atedbasedon the sequencdexicographicorder by performingitem extension(or I-step, denotedby

P jitem = <sq;:::;s, [ item>) andthensequencextension(or S-step,denotecby P ¢ item =

sionsandexpensve matchingcost,asdescribedelow.

1. Duplicate item extensions Considera databasef two sequenceS;=<fA;; B,g; f A3; B4; Cs0;
fAg; B7g> andS,=<f Ag; Bg; C100; T A11; B129; T A13; B14g>. To nd theclosedsequencefA; Bg;
fA; Bg; fA; Bg>, we needthreeitem extensionge.g.f Ag ; f Bg), which areduplicateandun-
necessargincef Ag itselfis notclosed(whererer A occursB alsooccurs).If we candosequence
extensionby addingf A; B g insteadof singleitemf Ag, thensuchduplicateitem enumeratiorcan

beavoided.

2. Expensive Matching Cost Thematchingcostrefersto theproces®f nding thelocally frequent
itemsin the projecteddatabasegspeciallyfor item extension.For example the projectedoosition

for pre x fA; Bg areB, andBy, i.e. the lasttransactionwherethe rst instanceof the pre x
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Code| C.El. | FML LocationList(SID,TID)
#1 | ABC | 2,6,10,14| (1,2),(1,4),(2,6),(3,10),(4,14)
#2 | BC 2,5,8,14 | (1,2),(1,3),(1,4),(2,5),(2,6),(3,8),(3,10),(4,14)
#3 | A 2,6,9,13 | (1,2),(1,4),(2,6),(3,9),(3,10),(4,13),(4,14)
#4 | C 1,5,8,12 | (1,1),(2,2),(1,3),(1,4),(2,5),(2,6),(2,7),(3,8),(3,10),(3,11),(4,12),(4,14)

Figure 1. Vertical-based LocationList and FML

occurs.Extendabletemsfor I-stepsarethensearchedifterthesepositionsby matchingwith the
pre x. Thus,wecan nd locally frequentitemsC which occursnotonly in S, at C;, but alsoin

S; atCs wherethepre x f A; Bg occursin the sametransaction.

In this paper we have comeup with a novel approachwhich conductsonly sequencextensionsby
addingfrequentcloseditemsetsto overcomethesedravbacks. Frequentcloseditemsetsasprovedin
the next section,arein factthe basiccomponent®f frequentclosedsequencesThey canbe usedto
remove duplicateitem enumeratioraswell asto reducethe matchingcostfor nding locally frequent

itemsfor I-extension.

4 Algorithm Overview

In thissectionwe presenanimportantobsenationandprove thatafrequentclosedsequentiapattern
is composedf only frequentcloseditemsets. Thus, we devise a bi-phasereductionapproachwhich
minesfrequentcloseditemsetsrst and enumeratdrequentclosedsequentiapatternsby conducting

sequencextensions Beforeintroducingthe pruningstratey, we rst de ne someterms.

sequencep > is de ned asthe transactionallD of the r stinstanceof the itemsetp;. Recusively
we can de ne the FMT of a (m + 1)-sequence<p;:::pPmPm+1> fromthe FMT of the m-sequence
<p:i:::pm> as(thetransactionID of) the r stappeaanceofitemsetp,.; which alsooccurs after the
FMT of them-sequence&p; :::pn>. Givena sequencelatabaseSD (ead transactionin SD hasa
uniquelD), theFirst MatchedtransactionList (FML) of a pre x sequence =<p;:::p,> isde nedas
thelist of r stmatdhedtransaction®fthesequences SD w.r.t. . Similarly, theSID List of isalist

of sequencéDs that support .

For example,in the database&sD of threesequenceS; = <fA; Cqg;; fA;B;Cgs;fA;Bgs>, S, =
<fAg,;fBgs> andS; = <fA;Bgs; fA; Cgs; fB; Cgio>, Wherethe subscriptadenotethe transaction
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TD |1, 2|34 |)|5|6|7]|38 1011 12|13 |14
Ssb|1|1|1,1}|2|2,2|3|3|[3|3|4|4] A4
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Figure 2. Horizontal Encoded Database EDB

IDs, theFMLs of thepre x sequence f A; Bg> and<f AgfBg> aref 3; 5g andf 3; 8; 10g, respectiely,
while their SID Lists aref 1; 3g andf 1; 2; 3g, respectrely. Note thatwe canlook up the corresponding
sequencéDs giventhetransactioriDs in the FML.

Givenanitemsetp, let c(p) denotethe closeditemsetwhich containsp andhasthe sametransaction
supportasp. If pis closedthenc(p) = p. By de nition, ¢(p) andp have the sametransactiorsupport
andthe FML arethesame(denotedasp:FM L = c¢(p):FML).

Lemma4.1 Giventhreesequentiapatterns , and ,if :FML = :FMLthen ¢ :FML =
s :FMLand  :SIDList = s :SIDList (De nition 4.1).

Theorem 4.1 A closedsequentiapatternis composeaf only closeditemsets.

Proof4.1 Assume = p; s::: spPnisaclosedsequentiapattern,but someof thep;sare non-closed
itemsets.Considera sequentiapattern = c(p1) spP. s::: sPn, :SIDList = :SIDList since
pi:FML = c(p1):FML (Lemmad.1). Recusively wecan nd asequentiapattern = ¢(p1) s::: s
c(pn) suhthat :FML = :FML. Theefore, is nota closedsequentialpattern. We thushavea
contradiction to the original assumptiorthat is a closedsequentiapatternand thus concludethat

“all closedsequentiapatterns are composeaf only closeditemsets.

Theoremd.1lis animportantpropertyasit providesa differentview of mining closedsequentiapat-
terns. Insteadof extendinga pre x by I-stepsand S-stepsalternatvely, we canmine closedfrequent
itemsetdeforemining closedsequentiapatternsandextendsa pre x sequencéy only S-stepsThere-
fore, we have comeup with athreephasealgorithm.In the rst phasewe nd all frequentcloseditem-
setsanddenotesachof themby auniqueC.Fl. code To avoid theneedto matchclosedrequenttemsets

in asequence theenumeratiomphasetheoriginal databasés transformednto anotherdatabas&here



(a) Searctspaceof original enumeration (b) Searchspaceof our enumeration

Figure 3. Enumerative Trees

theitemsin eachsequencearereplacedby C.El. codes thatare containedn the transactionsFinally,
the closedsequentiapatternsaareenumeratedh thethird phase.

To illustrate,the exampledatabas&D B (Tablel) canbetransformednto Figure?2 giventhe C.El.
codesshavnin Figurel. Thistransformatiometainsthe horizontalformatof theoriginaldatabaseNote
thatthetransactionsrerenumberedo eliminateemptytransactionslueto theremoval of non-frequent
items(e.g. D, E, F). Figurel alsoshaws the locationlists of eachclosedfrequentitemset,which
representheverticalformatof theoriginal database.

We refer this as a bi-phasereductionapproachsincewe mine C.El. for rst phasereductionthen
mine closedsequencefor secondphasereduction. This approachot only reduceshe searchspaces
andduplicatecombinationsout alsoavoids the matchingcostsin item extensionprocess.As shavn in
Figure3, thesearctspacdor ourenumerationreeis muchsmallerthanthatof thetypicallexicographic
tree. Obviously, thelongestpath(thethick lines)in our enumeratie stratgy is shorterthanthatof the
typical stratey.

A similarframewnork hasalsobeenadoptedn [15] for inter-transactiorassociatioimining. However,
applyingsuchaframavork in closedpatternminingis muchmoreeconomidhanregularpatternmining
sincethenumberof frequenttemsetsarelargerthanthatof frequentclosedtemsetsln thenext section,

we will discusshow to furtherprunethe searcrspaceby LayerPruning andExtPruning.



4.1 Pruning Strategies

Althoughthenumberof closeditemsetscanbelargerthanthe numberof items,which seemsgo harm
the mining process|ots of themcanbeignoredwithout consideratiorby layer pruning. As a contrast
to previous works which only prunea branchof a non-closedpattern,layer pruning removes several
non-closedranchesat onceandreduceghe costsin patternchecking.Beforeintroducingthe pruning

stratgy, we rst de ne theorderof two rst matchlists.

De nition 4.2 (The Orderof FML) Giventwo FMLs

Si:FML = faj;a;::i;angandS;:FML = b b bg (m n), wesaythat S;:FML <,
S;:FML if andonly if there existsiy;iy; i iy sudthata, :SID = B:SID anda; < b forall j
@a n). Theequalsignshold (SFML =, S2FML) whenm = nandg = kQ for all j,
@ j m).

Example 4.1 ConsidertheexampledatabaseSD B again, Figure 1 showshe r stmatdedtransaction
list (FML) for thefrequentloseditemsetsvhich are also1-sequences heFML for C.El. codes#1,#2,
#3,#4 aref2,6,10,14, 12,5,8,14, 12,6,9,18 andf 1,5,8,13), respectively Theorders betweerthese
FMLsare#1:FML > #4:FML and#3:FML > #4:FML.

LayerPruning: For two C.El. p; and p, that can be a sequencextensionof a pre x sequence

=<Sq:::.:84> informof S; = s pr andS; = s P2, theLayerPruningvorksasfollows:

1. If S;:FML < S;:FML, thenremove p,. Vice versa.

2. 1f S;FML = S;:FML,thenif (a)p. po, thenremore py; (b) p.  p1, thenremove py; (C)

neitherp; p2norp;  pe, thenremove bothp; andps,.

For instancein our running example, we can completelyskip pre x #1 and#3 from root since
#1.FML > #4:FML and#3:FML >, #4:FML. Thus,the LayerPruningtechniqgueremoves
non-closedpatternsin the samelayer sincethe pruningis invoked within a local searchof a pre x

pattern.The correctnessf the pruningtechniquecanbe provenby thefollowing lemmaandtheorems.

in formof S; = sprands, = sP2. If S;:FML < S;:FML, thenall extensionof S, mustnot

beclosed.
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Proof 4.2 By de nition (De nition 4.1),the FML of is smallerthanthat of its extensionstherefore,
‘FML < S;:FML. SinceS;:FML <. S;:FML, wherver p2 occurs, pl will alsooccurin the

interval between :FM L and S,:FM L. Thus,the supersequences® = sP1 s p2 of S; hasthe

sameFML asS,, andS®SI DList = S,:SIDLis (Lemmad.1). Theefor, S, is nota closedsequential

pattern.

in formofS; = spr andS; = sP2,andS;:FML = S;;FML. (@) If pr  po, thenall extensions
of S; mustnotbeclosed.(b) If neitherp, p, norp;  po, thenall extensionof p; andp, mustnotbe

closed.

Proof4.3 (a) First, S; is a subsequencef S, sincep; is a subsef p,. SecondS; and S, havethe
samesupportsinceS;:FML =, S,:FML. Theefore, S; is nota closedsequentiapattern.

(b) Considerthe sequentialpattern = sPr i P2=<S1;:::;Sn;p[ p2>. SinceS;:FML =
S:FMLand :FML = S;:FML\ S;:FML,wehave :FML = S;:FML = S;;FML. Thee-
fore, for anyextensionS; andS, of |, thereexists , sudithat isasupersequencefS; andS,, and

:SIDList = S;:SIDList = S,:SI DList. Theefore, S; andS, are nottheclosedsequentiapattern.

LayerPruninghave successfullyprunenon-closedequenceduringsequencextensionstepof a pre-
X sequence.However, thereare still somenon-closedsequentialpatternsthat can be generatedn
differentlayer Therefore we needa checkingstepto remove non-closedsequentiapatternswe refer
to this pruningasExtPruning.

ExtPruning: For two sequentiapattern and , therule of ExtPruningstateghat

1.If :FML=_ :FML and isasupersequencef ,thenremose andviceversa.

2. 1f Sup( ) = Sup( ) and isasupersequencef ,then isnotclosedpatternyiceversa.

The rst rule of ExtPruningholdsaccordingo Theorem4.3,while thesecondule followsthede nition

of closedsequentiapatterns.
4.2 COBRA: Designand Implementation

In this section,we discussthe implementatiorof the COBRA algorithm. COBRA canbe outlined

asthreemajor phases:(l) Mining ClosedFrequenttemset;(ll) Databasd=ncoding;and(Ill) Mining
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ProcedureCOBRA(sequencedatabaseSD, minsup)
1. Call mMCHARM() to nd the setof all C.F.l.;
2. AssociateeachC.F.l. with an code
and let CS denotesthe setof codes.
3. Construct the encodedDB EDB using CS;
4. CS = LayerPruning(CS);
5. for eachcodg in CS do
6. cobraDFS(code;code:AVIL);

SubprocedureobraDFS( ,FML)

7. Compute ExtendedList EL of FML;
8.if (JELj < minsup ) then

9.  ExtPruning( ); return;

10.end

11.if (JELj < jJFMLj) then

12. if (ExtPruning( )) thenreturn;
13.LC =Local FrequentCodesin :PDB;
14.LC = LayerPruning(LC);

15.if (JELj = jJFML]j) then

16. FEI = All LC;swith jLC;:FMLj = jFML];

17. if (FEI == )then
18. if (ExtPruning( )) thenreturn;
19.end

20.for eachLC; in LC do
21. cobraDFS( ¢LC;,LCi{:FML);

Figure 4. COBRA Algorithm

ClosedSequentiaPattern. Figure 4 shavs the pseudocodeof the COBRA algorithm. Line 1 callsa
modi ed CHARM [20] to mine frequentcloseditemsets.Line 2-3 associatesachC.FEl. with aunique
codeandconstructsheencodedlatabas& D B usingthe codes of the C.Fl. Line 4-21 minesthe setof
all frequentclosedsequentiapatterns Detailsaredescribedelow.

Therearealreadymary closedfrequentitemsetmining algorithms.We preferusinga vertical-based
mining algorithmin the rst phase(e.g.,CHARMI[20]) sincethe vertical formatrecordsthe locations
(TIDList) of C.El.s which canbe usedto constructthe transformeddatabasén the secondohase.We

have modi ed CHARM asmemory-basethCH ARM , which validateslocal frequentitemsto reduce
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unnecessargombinationsof existing frequentitemsetswith nonlocalfrequentitems. This is doneby
maintainthe horizontal-basediatabasen memoryand usethe TIDLists (vertical-basedpf frequent
itemsetsasindex to acceleratehe validation of local frequentitemsin the projectedpositionsof the
itemsets. Recall that frequentcloseditemsetsin a sequencalatabasere de ned by both sequence
supportsandtransactiorsupportthereforefransactionds arereplacedy a 2-tuple(SID, TID) location
to facilitatethe countingof sequencsupportsandtransactiorsupports.

In theseconhasewe associateachC.Fl. with auniquecodeandconstructheencodediatabasen
horizontalformatbasedn thelocationlists of the C.El. NotethatC.El.s aresortedby theirlengthin a
decreasing@rdersuchthatsupersequencearegenerate@arlierto reduceupdatecostin thethird phase.
Oncethe encodeddatabaseas constructedwe canreleasethe memoryspaceof LocationList for all
C.El.s. Furthermorewe canremove transactionsvithout any frequentitemsto reducethe sizeof stor
age. Then,the rst matchtransactiotist for eachC.FEl. (alsothe frequentl-sequences$ constructed
for theusein thethird phase.

The mining procesdollows the ideaof Pre xSpanto look for locally frequent(extendable)xodes in
the projecteddatabasef a pre x sequenceStartingwith anemptysequencethe extendablecodes are
the frequentC.FEl.s. However, beforethe enumerationwe rst applythe LayerPruning stratgy to
remove unnecessargnumerationin the samelayer (line 4). To reducethe costof comparingary two
FMLs (atotal of O(jC:F:l :j?) comparisons)we devise a hashstructurewhich usesEquation(1) asits
hashfunctiont. Equation(1) hasmoreuniformly distributedkeys thansimplejSI D List j cando. Only
C.El.sthatarehashedo the samebucketarecomparedo eachother ExtendableC.Fl. thatarenotable
to produceclosedsequentiapatternsarethenremoved basedon Theorem4.2 and 4.3. In the pseudo
code,the procedureLayerPruning, which implementsthe above idea, takesf #1, #2, #3, #4g asan
inputandreturnsf #2 ; #4 g since#4 :FML < #1:FML and#4:FML <  #3:FML.

X
(jSIDListj + Sid pNo)%H Size (2)
Sid2SI D List

In the procedurecobraDFSwith a new pattern andits FML :FML = fty;:::;thg, we rst
computethe extendedpositionlist (EL) by looking at the next transactiorof t;, which hasthe same

sequencéd with t;. ForexampletheEL of code#2 in Figurelisf 3;6; 9g (transactiorl5is discarded

IpNois choserto beaprimenumber H Siz e is the sizeof the hashtable.
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for it doesnot have a sequenceéd astransactiorii4). The numberof transactionsn the EL represents
thelargestsupportanextendedsequencef canhave. Thus,if JEL] islessthanminsup, thenwe can
skip all extensionsof thepre x  (line 8-10); otherwisewe do the extensionof (lines11-21).In the
latercasewe computethe projecteddatabasef (line 13)and nd all locally frequentcodes (denoted
by LC). Again, beforeextension,LayerPruning is appliedto remoresunnecessargodes (line 14).

Formally, we de ne theextendedist (EL) andprojecteddatabas€P D B) of a patternasfollows.

De nition 4.3 Givenasequence anditsFML = fty;:::;t,g, theExtendedList (EL) of isde ned

theProjected
Database(PDB) of isdenedas :PDB = ft;:::;thgwheetXSID = t; :SID for somet; and
i

, < t? tjspj, wherjSDj denotegshe numberof transactionsn the extendeddatabases.

De nition 4.5 Givenasequence =<sg;:::;S,>, theForward Extendedtemset(FEI) of isde ned

asthesetof extendeccodesof which havethesameSIDListas ,i.e. :SIDList =  ¢p%SIDList.

We outputthe new pre x sequence only whenit hasthe chanceto be a closedsequentiapattern.
Thisincludesthefollowing threecases(1) JELj < minsup (line 8) (2)JELj < jFM L] (line 11-12)(3)
JFELj= (line17-18).In the rst casenosupersequencef canbegeneratedsfrequentpatterns.
In thesecondtasethesupportof all supersequencesf arelessthan . In thethird casethereareno
extendablecodes with the samesupportas . Thisis equvalentto checkfor commoncodes thatcanbe
extendedfrom theright direction(oneof the two directionsin BIDE). However, non closedsequential
patternsstill canbe generatedTherefore we shouldmake a closurecheckingto verify if  is aclosed
sequentiapatternor not. This is implementedoy E xtP runing which maintainsthe setof generated
sequences.

Similarto LayerPruning, ExtP runing alsouses€Equationl asthehashfunction. Thehashtablefor
ExtP runing is calledCSTah A sequence is only comparedo sequencewith the sameSIDLists.
Toillustrate,assumeéH Size=3 andpNo = 13 weinsert#2 into closedsincej#2 :FMLj > j#2 EL].
Thus,we insert#2 =<f A; Bg> into bucket 2 sincethe hashkey (4 + P (#2:SIDList) 13)%3=
2. Whensequencet4 ¢ #1 is generatedjt is also hashedinto bucket 2 for #4 #1:FML =

14



Figure 5. Horizontal-Based Partition

f2;6;10 14g. Since#4 s#1 =<fCgfA;B;Cg> is asupersequencef <fA; Bg> with the same
support,<fA; Bg> is replacedby <f CgfA; B;Cg> and ExtP runing returna value False. The
returnvalue of ExtP runing indicateswhetherthe extensionof pre x  shouldgoon. If is a sub-
sequenc®f anexisting pattern in thehashtableand :FML = :FML, thenwe simply discard

andreturnTrue to stoptheextensionof pre x  (line 12,18).
Theorem 4.4 TheCOBRAalgorithmgenemtesall closedsequentiapatterns.

Proof 4.4 First of all, the anti-monotoneoroperty “if a patternis not frequent,all its superpatterns
mustbe infrequent”is sustainedor closedsequentiapatterns. Accoding to Theoem4.1, the seach
spacecomposedf only closedrequenitemsetoversall closedsequentiapatterns. COBRAsseachis
basedona completesetenumeation space Theonly branchesthatare prunedasthosethatdo nothave
sufcient support. TheLayerPruing only remozesunnecessargnumeations(Theoem4.2and4.3).
On the other hand, ExtP runing remawe only non-closedsequentiapatterns. Theefore, the COBRA

algorithmgeneatesall frequentandonly closedsequentiapatterns.

5 Discussion

The proposedalgorithm, COBRA, is basicallya memory-basealgorithm,andits ef ciency comes
from theremoval of databasscanghatis requiredby BIDE. If thedatais toolargeto t in thememory
spacethepartition-and-alidationstratg)y canbe usedio handlesuchacase.Thereforewe proposéwo

alternatve partition-and-alidationstratgiesto overcomethis problem.Detailsaredescribedelow.

Horizontal-BasedPartition (COBRA-HP): Supposdhe sequencelatabasés composedf D se-
guenceswedividestheD sequencemto k partitions.Eachpartitioncanbehandledn memoryby
ouralgorithms.Thelocalminimumsupportcountfor apartitionis minsup multiplied by thenum-

berof sequencem thatpartition. To reducethememorycost,we canapplyonly LayerPruning,
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Figure 6. Pre x-Based Partition

outputlocal closedsequence€S of eachpartitionin disk anduseExtP runing to verify CS
later The local closedsequentiapatternsin disk are false-positre closedfrequentsequences.
Therefore anadditionalvalidationof the CS is necessaryn orderto determinethe true-positve
closedfrequentsequenced-inally, we readCS again andremove non-closedsequentiapatterns.
Take Figure5 asanexample,we candividesthe 4 sequencesto 2 partitions,partitions1 and2,
asshowvnin Figure5. Firstly, we minethelocal closedfrequentsequencewhich satis edthelocal
minimumsupportin eachpartition. Finally, we verify CS again to remove non-closedsequences
in disk.

Pre x-BasedPartition (COBRA-PP):Differentfrom COBRA-HRE we rst run the Phasel and
Il in COBRA, thenstoreeachCFI's FML andEDB in Disk. Therefore we canload projection
databaseccordingto CFI's FML to reducethe memoryrequirement.Next, COBRA Phasdll

is appliedin eachpartition. Note thatwe only apply LayerPruning in COBRA Phasdll here
to minimize the memorycost. COBRA Phasdll outputsthe potentialclosedsequentiapatterns
into somedisk-basedashingouckets. Finally, thetrue-positve closedsequences eachbuckets
areveri ed by ExtP runing. Take Table1l asanexample,we rst mine closedfrequentitemsets
andtransformthemasED B. Secondlywe loadprojectiondatabasaccordingo CFI'sFML (see
Figure6). Next, we mine closedsequencesf eachpre x partitionandgeneratgotentialclosed

sequentiapatternin disk. Finally, ExtP runing is appliedto remove non-closedsequences.
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Sym. | De nition Default
D Numberof sequences 10K
C | Averageransactionpresequence 10
T | Averagetemspertransaction 3
N Numberof differentitems 10K
S | Averagetransactionsn seedsequences 6
I Averageatemsin seedsequences 3
Ns | Numberof maximalpotentiallylarge Sequences 2K
N, | Numberof maximalpotentiallylarge ltemsets 5K

Figure 7. Parameters for Synthetic Data
6 Experimental Result

In this section,we reportthe performancestudy of the proposedalgorithmson both syntheticdata
andrealworld data.All theexperimentsareperformedona 3.2GHzPentiumPCwith 3 Gigabytesmain
memory runningMicrosoft Windows XP. All the programsarewrittenin Microsoft/VisualC++ 6.0. In

thefollowing experimentsthe sizeof hashtableis setto 100.

6.1 Synthetic Data

6.1.1 Scalability Test

The syntheticsequencealatais generatedasedon the descriptionin [13]. Table 7 shavs the major
parameterf this generatoandtheir meaningsWe startby looking attheperformancef COBRAwith
defaultparameteminsup = 0:5%. Figure8(a)shavsthescalabilityof thealgorithmswith varyingdata
size. COBRA is two ordersof magnitudefasterthanBIDE for jDj = 50K . The scalingof COBRA
with databassizewaslinear Becausd3IDE needsmorescanningime asthedatasizeincreasesBIDE
hasexponentialscalabilityin termsof datasize.However, COBRA consumesnorememoryspacehan
BIDE asshawn in Figure8(b). The mainreasons that COBRA maintainthe encodedlatabasavhich
arecomposeaf C.Fl.sinsteadof simpleitems.

Theruntimeof COBRA andBIDE on the default datasetwith varying minimum supportthreshold,
minsup, from 0.2%to 0.6%is shavn in Figure8(e). COBRA s faster(90times)andmorescalablghan
BIDE sincethe numberof sequenceshecledin the backward extensionof BIDE grows rapidly asthe
minsup decreasesyvhile COBRA only comparethe maintainedoatternswith the newly found pattern.

Again,thememoryrequirementor COBRA increasessminsup decreasesincethenumberof C.El.s
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Figure 8. Scalability Test: Synthetic Data
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Figure 9. Partition-based COBRA: Synthetic Data

increaseasminsup decreasegseerigure8(f)). In short,the performancetudyshovsthatthe COBRA

algorithmis ef cient andscalable€for closedsequentiapatternmining with acceptablenemorycost.
6.1.2 Analysisof Time and SpaceCost

To betterunderstandhe algorithm, Figure 8(c)(d)(g)(h)demonstratethe time and spacerequirement
in eachphase.Recallthatwe mine closedfrequentitemsetsn the rst phasethenoutputC.FEl.s and

their LocationList in disk. In thesecondhasewe loadC.FEl. andLocationList from diskto generate
the horizontal-base@ncodedlatabas& DB. Finally, we usethe ED B to minethe closedsequential
patternin the third phase. Roughly speaking the time costsfor the threephasesare 40%, 10%, and

50%, respectrely. As shavn in the gure, Phasd (the memory-base€CHARM) consumeghe most
time and spacesinceit maintainsthe (SID, TID) pairsfor eachclosedfrequentitemsets. Due to the

natureof phasell, the spacerequirementor phasel is roughlythe sizeof the encodedlatabaseThe

spacerequiremenfor maintainingclosedsequentiapatternsCST ab (by E xtP runing) in phasdll is

shavedin Figure8(d)(h). Thus,the memorycostin mining processof the Phasdll canbe estimated
by subtractinghatof phasdll from thatof phasel andCSTah For example,the memorycostin the

mining procesf thePhasdll atminsup = 0:2%is5.7MB (14MB 8MB 0:3MB).

6.1.3 Partition-Based COBRA

We shaw the performanceof the partition-basedCOBRA in Figure9. The experimentalresultdemon-
stratesthat COBRA-PP(Pre x-BasedPartition) outperformsCOBRA-HP5(5 Horizontal-BasedPar-
titions) and COBRA in spacecost. Since COBRA-PPdivides more partitionsthan COBRA-HP5,
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Figure 10. The effects of the pruning strategy: Synthetic Data

COBRA-PPneedsmoretime in patternvalidationthan COBRA-HP5. However, experimentalresult
shaws that two alternatve partition-and-alidation stratgjies, COBRA-PPand COBRA-HP5, are not

only moreef cient thanBIDE but alsoreducethe memoryrequirement®f the COBRA.

6.1.4 Effectsof the Pruning Strategy

To verify the effectivenessof the rst phasereductionandthe LayerPruning stratgy in the third
phasewe demonstrat¢he experimentakesultsbetweenCOBRA, COBRA-FI (COBRA with Frequent
Itemsetin Phasdl) and COBRA-w/o Layer (COBRA without LayerPruning)in Figure 10(a)(b). We
can seethat COBRA is more effective than COBRA-FI for more codesare generatedn the EDB
and more closurecheckingis doneby the pruning stratgies. As the datasize (or minimum support)
increasegresp. decreasesthe gap betweenCOBRA and COBRA-FI in the runningtime and space
requiremenbecomesnoreobvious. This provestheeffectivenes®f the rst-phasereduction.As for the
LayerPruning strat@y, the effectsarecaseby casedependingn the data. AlthoughLayerPruning
canremove somesearchspacan themining processit alsocostalot of time/spacen patternchecking.

Beside,we alsousethe rst-phasereductionin BIDE. Firstly, we mine closedfrequentitemsetsand
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transformthemto a encodeddatabaseNext, we useBIDE to minethe closedsequencefom encoded
databasegalledBIDE-CFI. Figure10(c) provesthe rst-phasereductioncanimprove the ef ciency of
the mining process. Although the memoryrequirementof BIDE-CFI is larger than BIDE (seeFig-
ure10(d)),asthedatasizeincreaseshegapbetweerBIDE andBIDE-CFI in therunningtime becomes

moresubstantial.
6.2 RealWorld Data

Next, we runthealgorithmon two realworld datasetsto geta betterview of the usefulnes®f closed
sequentiapatterns.To make the experimentdair to all the algorithms,the real datasetsare similar to

thatusedin the performancestudyin previousworks.

6.2.1 Weblog

The rst real dataset, Gazelle, comesfrom click-streamdatafrom http : ==gazelle:com which
was once usedin KDD-Cup 2000 competitionand is now available through the web site: http :

==www:ecn:purdue:edu=KD D CUP, more detailedinformation aboutthis datasetcan be found in

[8]. We usethe combinationof the productID and AssortmentiDas the productcode SessionlDis
consideredo identify itemsin onetransaction.For linking itemsetsto createa sequencewe usethe
cookielD.We remaove datawith unknavn'?* productiDor AssortmentlDThedatabaseontains27,735
sequences33,305transactionand 70,546items. Therearein total 1,037distinctitems (pageviews).
NotethatBIDE only demonstratethis experimentsn simplesequencegsequencesf item). Similarto
CloSpanwe performthis experimentsn comple sequencegequencesf itemset).

We demonstratéhetime andspacecostof Gazelle datasetin Figurell by varyingminimumsupport
countfrom 60 to 140. The memoryusagefor BIDE is x ed (4MB) while COBRA usesmorememory
whichincreasessthe supportcountdecreaseffrom 10to 17MB). However, theef ciency of COBRA
is much betterthan BIDE in all the cases(by a magnitudeof 240). Figure 11(c)(d)also shaows the
performanceof COBRA-FI and COBRA-w/o Layer. Theresultis similar to thatof syntheticdatafor
Gazelle canbe viewed asa sparsedataset. With the samereasonthe rst-phasereductionnot only
enhanceshe mining speedout alsoreduceghe spacerequirement.Although LayerPruning remove

someredundansearchspacethis pruningalsocosta lot of time/spacen patternvalidation.
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6.2.2 Protein Sequence

Thesecondlata,Snake, is collectedrom Snale NeurotoxinDatabaséhttp : ==sdmc:Pr:a star:edu:sg-
Templar=DB =snake_neurotoxin=). It contains272 Toxin-Snale proteinsequencewhich amountto
22,021items(An averageof 81 itemsfor eachsequence)Snake is a densedatawhich containsonly
20 distinctitems. This datais alsousedin patterndiscovery tasksin mary studies[7, 16]. Although
BIDE[16] alsoperformthis datain their experimenttheirdatacontainonly 175sequenceandit' s aver-
agelengthis 67. Notethatthis datasetis composeaf simplesequencewhereeachtransactiorcontains
oneitem. Thus,whatphasd returnsis the setof frequentitems. In otherwords,theres no reductionin
the rst phase.Thecomparisonwill thusshaw thedifferencebetweerBIDE andphasdIl mining.
From Figure12, we canseethat COBRA outperformsBIDE in termsof ef ciency, while COBRA
consumesnore memoryfor maintainingclosedsequence$or closurecheckingby ExtP runing. To
give arough gure, BIDE only usesaboutl1.2MB memory while COBRA usesabout36.2MB memory
to maintainEDB (4.5MB) and 4,448 closedsequence$4.4MB) at supportcount= 245 Generally
speakingcandidatenaintenancéassuchdisadwantageghatit doesnot scalewell andit coststime in
supportcounting(or databasscanning) However, it might potentiallyprunethe searchspaceandgain
the oddsin time. Thus,it is atradeof betweentime andspace.If ExtP runing is implementedat the
endof the mining by outputthe pre x sequenceo disk, we cansave all the memorybut spendmore
time to completethe closedsequentiapatternmining. Evenso,thetime costfor COBRA s still much
lessthan BIDE. Finally, for this densedata,LayerPruning only improve efciency at high support

(supportcount> 260).

7 Conclusion

In this paper we proposea bi-phasereductionapproachalgorithmfor closedsequentiapatternmin-
ing. Differentfrom previous studies,the mining processs divided into 3-phases:(I) Mining Closed
Frequenttemset;(ll) Databasdé=ncodingand(lll) Mining ClosedSequentiaPattern.The proposedl-
gorithmusesbhothvertical(F M L) andhorizontal(E D B ) databaséormatsto reducethesearchingime
in the mining processand overcomessomedravbacksin sometypical pattern-gravth method. There-
fore, the proposedalgorithmis a memory-basealgorithm,andits ef ciency comesfrom the removal

of databasescansand compressedtratgy of bi-phasereductionapproach.The experimentalresults
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also demonstratehis approachcan be appliedto BIDE to betterimprove the performanceof BIDE.
AlthoughCOBRA consumesnorememoryspacehanBIDE, thegainin time costshavs theadwantage
of COBRA. Besidesmemoryspacecostcanbefurtherreducedoy partition-and-alidationstrategiesor
post(disk-basedE xtP runing. AlthoughlLayerPruning stratgy canremove somesearchspacet
alsospendalot of time andspacean pruningvalidation. Furthermorehow to usethe closedsequences

in applicationanalysiss alsoaninterestingssuein futurework.
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