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Abstract. In this work, we studythe problemof closedsequentiapatternmin-
ing. We proposea novel approactwhich extendsa frequentsequencevith closed
itemsetdnsteadof singleitems.The motivationis thatclosedsequentiapatterns
arecomposeaf only closeditemsetsHence unnecessarigem extensionsvhich
generateson-closedequentiapatternsanbeavoided.Experimentakvaluation
shavsthatthe proposedpproachs two ordersof magnituddasterthanprevious
workswith amodestmemorycost.

1 Intr oduction

Sequentiapatternmining is a fundamentaldatamining task that hasbroadapplica-
tions,includinguserbehaior analysisnetwork intrusiondetectiorandtandenrepeats
in DNA sequencedver sinceAgrawal et al. [6, 7] introducedthe conceptof sequen-
tial patternmining in 1995, this problemhasreceved a greatdeal of attention[2, 12,
1,5]. Mining sequentiapatternis morecomple thanfrequentitemsetssincethe per
mutationsof items needsto be consideredThus, insteadof mining the completeset
of frequentsequentiapatternswe have strongemotive to mine closedsequentiapat-
terns,i.e. thosecontainingno supefrsequencevith the samesupport.Mining closed
sequentiapatternsiotonly reducethe numberof sequencepresentedo usersbut also
increaseghemining ef ciency by pruningtheenumeratiorspace.

Although mining closedsubsequencesharesa similar problemsettingwith min-
ing closeditemsets[3, 4], the techniquesdevelopedin closeditemsetmining cannot
work for frequentsubsequencmining directly becausesubsequenceestingrequires
orderedmatchingwhich is moredif cult thansimplesubsetesting.To the bestof our
knowledge thereareonly two algorithmsin closedsequentiapatternmining,including
CloSpan[10] andBIDE [9]. CloSpantakesthe approachwhich generates candidate
setfor closedsequentiapatternsand conductspost-pruningon it. Theideais that if
anew discoreredsequence? is a sub-sequencer supersequencef an existing se-
quences andtheprojecteddatabasef s ands®is equal(closurechecking) thenwe can
stopsearchingary descendandf s®in the pre x searchtree (thus pruningthe search
spacepincefor all  thesupportof sequence®  isequaltothatofs . Whatmakes
theconcepivorksis thattheequivalenceof theprojecteddatabasesanbeimplemented
by comparinghesizeof thedatabased:urthermorethe sizeof the projecteddatabases



canbeusedasthe hashkey to improve subsequence/supersequenkeckingmoreef-
ciently. However, the candidatemaintenance-and-teparadigmsuffers the inherent
dravbackin scalability

Therefore,Wang et al. proposean alternatve solution without candidatemainte-
nancelt adoptsasequencelosure-checkingchemecalledBIDE. Fromde nition, we

exist at leastan event e® which canbe usedto extendsequences to a new sequence
SO with the samesupport.The sequenceS can be extendedfrom the right most di-
rection(afters,), the left mostdirection(befores;) or in the middle of the sequence
(betweers; ands;.; ). If nosucheventexists,thenS mustbea closedsequenceThus,
the proposedIDE schemsds to scanfor commonitemsfrom the sequencelatabase,
which might exist betweers; ands;.; . As for searchspacepruning,they proposethe
BadScampruningmethodto stopgrowing unnecessaryatternsf thecurrentpre x can
notbe closed.Again, they have de ned the subsequenceagsherethe commonitemsare
searchedor this BackScartlosurechecking.Although BIDE do not keeptrackof ary
historicalclosedsequentiapatterngor candidatefor anew patterns closurechecking,
it is acomputationatonsumingapproactsinceit needsamultiple databasscandor the
bi-directionclosurecheckingandthe backscarpruning.

Both algorithmsadoptthe framewvork of Pre xSpan[5] which grows patternsby
itemsetextensionand sequencextension,i.e. the last transactionof the currentse-
quenceis extendedwith a frequentitem in the sametransaction(item extensionor
I-step,denotedby ;) or differenttransaction(sequencextensionor S-step,denoted
by s). Howeverthis pattern-gravth stratgy hastwo dravbacks:duplicateitem exten-
sions(To nd the closedsequence<fA; Bg; fA; Bg; fA; Bg>, we needthreeitem
extensions. andexpensve matchingcost.In this paperwe have comeup with anovel
approachwhich conductsonly sequencextensionsby addingfrequentcloseditemsets
to overcomethesedravbacks.Frequentloseditemsetsasprovedin the next section,
arein fact the basiccomponentf frequentclosedsequencesThey canbe usedto
remove duplicateitem enumeratioraswell asto reducethe matchingcostfor nding
locally frequentitemsfor I-extension.

The rest of this paperis organizedas follows. We de ne the problemof closed
sequentiapatternmining in Section2. Section3 presentur algorithm.Experiments
arereportedn Sectiord. Finally, conclusionsaremadein Section5.

2 ProblemDe nition
Givenadatabas&D of customertransactionswhereeachtransactiorconsistsof the

following elds: customeiid, transaction-timeandtheitemspurchasedn thetransac-
tion. No customertasmorethanonetransactiorwith the sametransaction-timelLet

emptysubsebf |, denotingtheitemsboughtin onetransactionThenumberof itemsets
in asequencés calledthelengthof the sequencanda sequencevith lengthl is called

=<by;:::;bh>,if andonlyif eacha; (1 j ~m)canbemappedyh; (g b))



andpresereitsorder(l i1 < i< :::<iyn n).Wesay issupersequencef
and contains .

is associatedvith asid. jSD| representshe numberof sequences thedatabas&D .
The absolute support of a sequence in a sequencealatabasesD is the numberof
sequencem SD whichcontain .

Giventwo sequences and . If isasupersequencef andtheirsupportsare
thesamewe say absorbs . A sequentiapattern is aclosedsequentialpattern
if thereexists no propersequence thatabsorb . The problemof closedsequential
patternmining is formulatedasfollows: given a minimum supportlevel minsup, our
taskis to mine all closedsequentialpatternsin the sequencelatabasevith support
greatetthanminsup, i.e. thefr equentsequentiapatterns.

Table 1. An examplesequencelatabas&DB

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)

o
WIN | =
- O

To make connectionbetweencloseditemsetswith closedsequentiapatternswe
de ne transactiorsupportandsequencaupportof anitemsetasfollows. Thetransac-
tion supportof anitemset is de ned asthenumberof transactionshatcontain  while
thesequencsupportof is thenumberof sequencethatcontainthe 1-sequence. As
usual,anitemset is closedif thereexist no supersebf with the sametransaction
support.However, anitemset is frequentin a sequencelatabasé&D if the sequence
supportof isgreatethanminsup. Thus, isafrequentcloseditemsetf thesequence
supportis greaterthanminsup andthereexists no supersetvith the sametransaction
support.

Examplel. Givenminsup = 3, all subsetof f A; B; Cg arefrequentin the example
sequencealatabasdn Table 1 since eachitemsethas sequencesupport4. However,
only fAg, fCg, fB; Cg, andf A; B; Cg arefrequentcloseditemsetsitemsetf Bg is
not a closeditemsetsinceit hasthe sametransactionsupport8 asitemsetfB; Cg.
Similarly, itemsetd A; Bg andf A; Cg areabsorbedy f A; B ; Cg sincethey have the
sametransactiorsupports.

3 The COBRA Algorithm

In this section,we presentan importantobsenation and prove that a frequentclosed
sequentiapatternis composef only frequentcloseditemsets.Thus,we devise a bi-
phasereductionapproachwhich minesfrequentcloseditemsets rst and enumerate



frequentclosedsequentiapatternsby conductingsequencextensions Beforeintro-
ducingthe pruningstratey, we rst de ne someterms.

(FMT) of a 1-sequencep ;> is de nedasthetransactionalD of the r stinstanceof
theitemsep; . Recusively wecande netheFMT ofa(m+1) -sequenc&p 1 : :: PmPm+1 >
fromthe FMT of the m-sequence&p:::pm> as(thetransactionlD of) the r st ap-
pearnceofitemsepn+1 Which occusaftertheFMT ofthem-sequencep:::pm>.
Givena sequencelatabaseSD (ead transactionin SD hasa uniquelD), the First
MatchedtransactionList (FML) of a pre x sequence =<p;:::p,> isde nedasthe
list of r stmatdedtransaction®fthesequence SD w.r.t. . Similarly, theSID List

of isalist of sequencéDs thatsupport .

Givenanitemsetp, let ¢(p) denotethe closeditemsetwhich containsp andhasthe
sametransactiorsupportasp. If p is closedthenc(p) = p. By de nition, c(p) andp
have the sametransactiorsupportandthe FML arethe same(denotedasp:FM L =
c(p):FML).

Lemma 1. Giventhree sequentialpatterns , and ,if :FML = :FML then
s ‘FML = s :FMLand ¢ :SIDList = s :SIDList (De nition 1).

Theorem 1. A closedsequentiapatternis composeaf only closeditemsets.

Proof Assume = p; s::: s pn isaclosedsequentiapattern,but someof thep;s
are non-closedtemsets.Considera sequentiapattern = ¢(p1) sP2 s::: s Pns
:SIDList = :SIDList sincep;:FML = c(p;):FML (Lemmal). Recursiely,
wecan nd asequentiapattern = ¢(p1) s::: s¢(pn) suchthat :FML = :FML.
Therefore, is not a closedsequentiapattern.We thus have a contradictionto the
original assumptiorthat is a closedsequentiabatternand thus concludethat “all
closedsequentiapatterns arecomposeaf only closeditemsets.

Theoreml is animportantpropertyasit providesa differentview of mining closed
sequentiapatternsinsteadf extendingapre x by I-stepsandS-stepslternatvely, we
canmineclosedfrequenttemsetdeforemining closedsequentiapatternsaandextends
apre x sequencéy only S-stepsThereforewe have comeupwith athreephasealgo-
rithm. In the rst phasewe nd all frequentcloseditemsetsanddenotesachof themby
auniqueC.FEl. code To avoid theneedto matchclosedfrequentitemsetdn asequence
in the enumeratiorphase the original databases transformednto anotherdatabase
wheretheitemsin eachsequencearereplacedy C.El. codesthatarecontainedn the
transactionsk-inally, the closedsequentiapatternsareenumerateéh thethird phase.

Toillustrate,theexampledatabas&D B (Tablel) canbetransformednto Figure2
given the C.El. codes shawn in Figure 1. This transformatiorretainsthe horizontal
formatof the original databaseNote thatthe transactiongrerenumberedo eliminate
emptytransactionglueto the removal of non-frequenitems(e.g.D, E, F). Figurel
alsoshavsthelocationlists of eachclosedrequenttemsetwhichrepresenthevertical
formatof the original database.

We referthis asa bi-phasereductionapproactsincewe mine C.El. for rst phase
reductionthenmine closedsequencefor secondphasereduction.This approachnot



CodgC.Fl.|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),(1,2),(1,3),(1,4),(2,5),(2,6),(2,7),(3,8),(3,10),(3,11),(4,12),(4,14)

Fig. 1. Vertical-based.ocationListandFML

TID||1]2]|3|4|5|6|7]| 8]|9|10/11]|12/13/14,
SID||1|1]1|1]2|2]2|3|3|3(3||4|4|4
Code [ #A#1|#2|#1||#2|# 1| #4| | #2|#3|#1|#4|| #4#3|#1

H2AHAH2|#HAH2| ||#4]  |#2 #2
#3| [#3| |#3 #3 #3
#4 |#4|| |#4 #4 #4

Fig. 2. HorizontalEncodedDatabasd& D B

only reduceghesearctspacesndduplicatecombinationsut alsoavoidsthematching
costsin item extensionprocessA similar framework hasalsobeenadoptedn [8] for
inter-transactionassociatiormining. However, applying sucha framework in closed
patternminingis muchmoreeconomidhanregularpatternmining sincethenumberof
frequentitemsetsarelargerthanthatof frequentcloseditemsetsin thenext sectionwe
will discusshow to furtherprunethe searctspaceby LayerPruning andExtPruning.

3.1 Pruning Strategies

Althoughthe numberof closeditemsetsanbe largerthanthe numberof items,which
seemdo harmthe mining process|ots of themcanbe ignoredwithout consideration
by layerpruning.As a contrastto previousworkswhich only prunea branchof a non-
closedpattern Jayerpruningremoresseveralnon-closedranchesat onceandreduces
the costsin patternchecking.Beforeintroducingthe pruning strategy, we rst de ne
theorderof two rst matchlists.

De nition 2. (The Orderof FML) Giventwo FMLs

Si:FML = faj;ap;:::;angandS;:FML = by by;::i;bhg(m  n), wesaythat
Si:FML < S;:FML if andonly if there existsiy;iz; i in sud thata;, :SID =
b:SID anda; < b forallj (1 ] n). Theequalsignshold (SFML =
S®FML)whenm = nanda; = b forallj, (1 j m).

Example2. Considetheexampledatabas&D B agnin, Figurel shavsthe rst matched
transactionlist (FML) for the frequentcloseditemsetswhich are also 1-sequences.
The FML for C.El. codes #1, #2, #3, #4 aref 2,6,10,14, f2,5,8,14), f{2,6,9,18 and
f1,5,8,13), respectiely. TheordersbetweertheseFMLs are#1:FML > #4:FML
and#3 :FML > #4:FML.

LayerPruning: Fortwo C.El. p; andp, thatcanbeasequencextensionof apre x
sequence=<si;:::;Sp> informofS; = gprandS, =  ¢py, theLayerPruning
worksasfollows:



1. If S;:FML < S;:FML, thenremove p,. Vice versa.
2. If S;:FML = S;:FML,thenif (a)p1 p2, thenremave py; (b) p2  p1, then
remove py; (C) neitherp;  pe norpy  p2, thenremove bothp; andp;.

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
LayerPruningechnigueremovesnon-closedatternsn the samelayer sincethe prun-
ing is invoked within a local searchof a pre x pattern.The correctnes®sf the pruning
techniquecanbe provenby the following lemmaandtheorems.

Theorem 2. Let two C.El. p; and p, that can be a sequencextensionof a pre x
sequence =<si;:::;Sp> informof S; = spr ands; = sp2- IfSiI:FML <.
S,:FM L, thenall extension®f S, mustnotbeclosed.

Proof. By de nition (De nition 1),theFML of is smallerthanthatof its extensions,
therefore, :FML < S;:FML.SinceS;:FML <_ S;:FML, wherererp2 occurs,
pl will alsooccurin the intenal between :FM L andS,:FM L. Thus,the super
sequences? = s P1 s P2 of S, hasthe sameFML asS,, andS%SI DList =
S,:SI DLis (Lemmal). Therefore S, is notaclosedsequentiapattern.

Theorem 3. Let two C.El. p; and p, that can be a sequencextensionof a pre x

sequence=<sq;:::;Sp> informofS; =  gppandS; = spy,andS;:FML =

S;:FML. (@) If pp po, thenall extensionsof S; mustnot be closed.(b) If neither
p1  pznorpy pz,thenall extensionof p; andp, mustnotbeclosed.

Proof (a) First, S; is a subsequencef S, sincep; is a subsebf p,. SecondS; and
S, have the samesupportsinceS;:FML = S;:FM L. ThereforeS; is notaclosed
sequentiapattern.

(b) Considetthesequentiapattern = sP1 i P2=<S1;:::;Sn;P1[ p2>.Since
S;:FML=_ S;:FMLand :FML = S;:FML\ S;:FML,wehave :-FML =
Si:FML =_ S;:FML. Thereforefor ary extensionS; andS, of , thereexists

, suchthat is asupersequencef S; andS,, and :SIDList = S;:SIDList =
S,:SI DList . ThereforeS; andS, arenottheclosedsequentiapattern.

AlthoughLayerPruningcanprunenon-closedgequenceduringsequencextension
stepof apre x sequenceherearestill somenon-closedsequentiapatternghatcanbe
generatedn differentlayer. Therefore we needa checkingstepto remove non-closed
sequentiapatternsye referto this pruningasExtPruning.

ExtPruning: For two sequentiapatterns and , therule of ExtPruningstateghat

1.If :FML =_ :FML and isasupersequencef ,thenremose andvice
versa.

2. If Sup( ) = Sup( ) and isasupersequencef ,then isnotclosedpattern,
vice versa.

The rst rule of ExtPruningholdsaccordingto Theorem3, while the secondrule fol-
lowsthede nition of closedsequentiapatterns.



3.2 COBRA: Designand Implementation

In this sectionwe discusghe implementatiorof the COBRA algorithm.COBRA can
be outlinedasthreemajor phases(l) Mining ClosedFrequenttemset;(ll) Database
Encoding;and(lll) Mining ClosedSequentiaPattern.Figure3 shovs the pseudacode
of theCOBRAalgorithm.Line 1 callsamodi ed CHARM [11] to minefrequentclosed
itemsetsLine 2-3associatesachC.Fl. with auniquecodeandconstructsheencoded
databasd= DB usingthe codes of the C.El. Line 4-21 minesthe setof all frequent
closedsequentiapatternsDetailsaredescribedelow.

Therearealreadymary closedfrequentitemsetmining algorithms We preferusing
avertical-basednining algorithmin the rst phase(e.g.,CHARMJ[11]) sincethe ver-
tical formatrecordsthe locations(TIDList) of C.Fl.s which canbe usedto construct
the transformeddatabasén the secondphase Recallthat frequentcloseditemsetsin
a sequencelatabasere de ned by both sequencesupportsand transactionsupport,
therefore transactiorids arereplacedy a 2-tuple(SID, TID) locationto facilitatethe
countingof sequencsupportsandtransactiorsupports.

ProcedureCOBRA(sequencalatabaseSD , minsup )

1. Call mMCHARM() to nd the setof all C.Fl.;

2. AssociateeachC.F.l. with an code and let CS denotesthe setof codes.
3. Construct the encodedDB ED B usingCS;

4.CS = LayerPruning(CS);

5.for eachcode in CS do

6. cobraDFS(code ; code:FM L);

SubprocedureobraDFS( ,FM L)
7.Compute ExtendedList EL of FM L;
8.if (JELj < minsup ) then

9.  ExtPruning( ); return;

10.end

11.if (JELj < jFMLj)then

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

15.if (JELj = jFMLj)then

16. FEI =All LCiswith jJLCi:FMLj = jFMLj;

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

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

Fig. 3. COBRA Algorithm



In the secondphasewe associateachC.Fl. with a uniquecodeandconstructhe
encodedatabasén horizontalformatbasednthelocationlists of the C.El. Notethat
C.El.s aresortedby their lengthin a decreasingrdersuchthat supersequencesre
generateaarlierto reduceupdatecostin thethird phaseOncetheencodedlatabasés
constructedye canreleasehe memoryspaceof LocationList for all C.El.s. Further
more,we canremove transactionsvithoutary frequentitemsto reducethe sizeof stor
age.Then,the rst matchtransactionist for eachC.El. (alsothefrequentl-sequences)
is constructedor theusein thethird phase.

Themining procesdollows theideaof Pre xSpanto look for locally frequent(ex-
tendablexodes in the projecteddatabasef a pre x sequenceStartingwith anempty
sequencethe extendablecodes arethe frequentC.Fl.s. However, beforethe enumer
ation,we rst applytheLayerPruning stratgy to remove unnecessargnumeration
in the samelayer (line 4). To reducethe costof comparingary two FMLs (a total of
O(jC:F:1 :j?) comparisons)we devise a hashstructurewhich usesEquation(1) asits
hashfunction (pN o is choserto be a prime number H Siz e is the size of the hashta-
ble.). Equation(1) hasmoreuniformly distributedkeys thansimplejSI D List j cando.
Only C.FEl.sthatarehashedo the samebucket arecomparedo eachother Extendable
C.El. thatarenot ableto produceclosedsequentiapatternsarethenremosedbasedn
Theorem2 and 3. In the pseudocode,the procedureLay erPruning, which imple-
mentsthe above idea, takesf #1, #2, #3, #4g asaninput andreturnsf #2 ; #4 g since
#4FML < #1:FML and#4 :FML <_ #3:FML.

X
h(SIDList) = (jSIDList j+ Sid pNo)modHSize Q)
Sid 2 S1 D List

we rst computeheextendedpositionlist (E L) by lookingatthenext transactiorof t;,
which hasthe samesequenceéd with t;. For example,the EL of code#2 in Figurel
is f 3; 6; 9g (transactiorl5is discardedor it doesnot have a sequencéd astransaction
14). The numberof transactionsn the EL representshe largestsupportan extended
sequencef canhave. Thus,if JEL] is lessthanminsup, thenwe canskip all ex-
tensionsof thepre x  (line 8-10); otherwisewe do the extensionof  (lines11-21).
In the later case we computethe projecteddatabasef (line 13)and nd all locally
frequentcodes (denotedby LC). Again, beforeextension,Lay erPruning is applied
to remove unnecessargodes (line 14). Formally, we de ne theextendedist (EL) and
projecteddatabaséP D B) of a patternasfollows.

(EL) of is de nedasa list of extendedpositiont’ wheet? = t; + 1 andt’:SID =
t;:SID.

De nition 4. Giventheextendedist of a sequentiapattern , with extendedist :EL
=fty;:::;t,0, theProjectedDatabasgPDB) of isde nedas :PDB =ft9;:::;t0 g
wheet®:SID = t;:SID for somet; andt; < t° tjspj, where jSDj denoteshe
numberof transactionsn the extendeddatabases.

For example,the projecteddatabasdor = #2 (with #2:EL = f3;6;9g) in
Figure2is#2:PDB = 3;4;6;7;9; 10; 11g.



of isde nedasthesetof extendedcodesof which havethesameSIDListas , i.e.
:SIDList = s piO:SI DList.

We outputthe new pre x sequence only whenit hasthe chanceto be a closed
sequentiapattern.Thisincludesthefollowing threecases(1) JELj < minsup (line 8)
(2)JELj < jJFMLj(line11-12)(3)JFELj = (line 17-18).In the rst casenosuper
sequencef canbegeneratedsfrequentpatternsin thesecondcasethesupportsof
all supersequencesf arelessthan . Inthethird casetherearenoextendablecodes
with the samesupportas . Thisis equivalentto checkfor commoncodes thatcanbe
extendedfrom the right direction (one of the two directionsin BIDE). However, non
closedsequentiapatternsstill canbe generatedTherefore we shouldmale a closure
checkingto verify if  is a closedsequentiabatternor not. This is implementedby
E xtP runing which maintainghe setof generatedequences.

SimilartoLayerPruning, ExtP runing alsousesEquationl asthehashfunction.
The hashtablefor ExtP runing is calledCSTah A sequence is only comparedo
sequencewith thesameSIDLists. Thereturnvalueof E xtP runing indicatesvhether
the extensionof pre x ~ shouldgoon.If is asub-sequencef anexisting pattern
in thehashtableand :FML = :FML,thenwesimplydiscard andreturnTrue
to stopthe extensionof pre x  (line 12,18).

Theorem4. TheCOBRAalgorithmgeneatesall closedsequentiapatterns.

Proof. Firstof all, theanti-monotongroperty“if apatternis notfrequentall its super

patternsmustbe infrequent”is sustainedor closedsequentiapatterns Accordingto

Theoreml, thesearchspacecomposedby only closedrequenttemsetcoversall closed
sequentiabatterns. COBRASs searchis basedon a completesetenumeratiorspace.
The only brancheghat are prunedas thosethat do not have sufcient support.The

LayerPruing only removes unnecessargnumerationgTheorem2 and 3). On the

otherhand,E xtP runing remaove only non-closedsequentiapatterns Therefore the

COBRA algorithmgeneratesll frequentandonly closedsequentiapatterns.

Theproposedlgorithm,COBRA, is basicallyamemory-basedlgorithmsincethe
numberof closeditemsetscan be larger thanthe numberof items. If the datais too
largeto t in the memoryspace the partition-and-alidation stratey can be usedto
handlesucha case.Two alternatve partition strat@iesareproposechere:pre x-based
partitionandhorizontal-basegartition (see[?] for details).

4 Experimental Result

In this sectionwe reportthe performancetudyof the proposedlgorithmson synthetic
dataset.All theexperimentsareperformedona 3.2GHzPentiumPCwith 3 Gigabytes
main memory running Microsoft Windows XP. All the programsare written in Mi-

crosoft/Msual C++ 6.0. In the following experiments the size of hashtableis setto

100.



Scalability Test The syntheticsequencelatais generatean the basisof the descrip-
tion in [6]. We startby looking at the performanceof COBRA with default parameter
minsup = 0:5%. Figure4(a) shavs the scalabilityof the algorithmswith varyingdata
size. COBRA is two ordersof magnitudefasterthan BIDE for 50K sequencesThe
scalingof COBRA with databassizewaslinear BecauseéBIDE needanorescanning
time asthe datasizeincreasesBIDE hasexponentialscalabilityin termsof datasize.
However, COBRA consumesnorememoryspacehanBIDE asshovn in Figure4(b).
The main reasonis that COBRA maintainthe encodeddatabasevhich is composed
by C.El.sinsteadof simpleitems.For example, COBRA costsapproximately6.6MB
for the encodeddatabasenaintenancatjDj = 50K andF M L costsapproximately
10MB.

Theruntimeof COBRA andBIDE on the default datasetwith varying minimum
supportthreshold,minsup, from 0.2%to 0.6% is shown in Figure4(c). COBRA is
faster(90 times)andmorescalablehanBIDE sincethe numberof sequenceshecled
in thebackwardextensionof BIDE grows rapidly astheminsup decreasesyhile CO-
BRA only comparethe maintainedpatternswith the newly found pattern.Again, the
memoryrequiremenfor COBRA increasesisminsup decreasesincethe numberof
C.El.sincreasessminsup decreasetseeFigure4(d)).In short,theperformancetudy
shavs thatthe COBRA algorithmis ef cient andscalableor closedsequentiapattern
mining with acceptablenemorycost.

To betterunderstandhe algorithm,Figure4(e)(f)(g)(h)demonstratethe time and
spacesxpensdan eachphaseRoughlyspeakingthetime costsfor thethreephasesre
40%,10%,and50%,respectiely. As shavnin theFigure4(e)(g),Phasd (thememory-
basedCHARM) consumeghe mosttime andspacesinceit maintainsthe (SID, TID)
pairsfor eachclosedfrequentitemsetsThe spacerequirementor eachphasedoesnot
vary muchsinceeachof themincludesboththehorizontalencodediatabas& D B and
the vertical databasé M L. The spacerequiremenfor maintainingclosedsequential
patternsCSTab (by ExtP runing) in phaselll is alsoshavn in Figure 4(f)(h) for
reference.

Partition-Based COBRA Figure5 demonstratethe memoryreductionby partition-
basedCOBRA. Pre x-basedpartition(COBRA-PP)haslessmemoryrequirementhan
horizontal-basegartition (COBRA-HP5 partitions).Since COBRA-PPdividesmore
partitionsthan COBRA-HP5,COBRA-PPneedsmoretime in patternvalidationthan
COBRA-HP5.However, experimentalresult shovs that both partition-and-alidation
stratgiesarenot only moreef cient thanBIDE but alsoreducethe memoryrequire-
mentsof the COBRA. Thus, while we aretrading more spacefor speedin time, the
basicprincipleis worth trying sincethe memorycostcanbe well reducedoy partition-
basedapproaches.

5 Conclusion

In this paper we proposea bi-phasereductionapproachalgorithmfor closedsequen-
tial patternmining. Differentfrom previous studies,we rst conductitem extension
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andthendo sequencextension,which overcomesomedravbacksin typical pattern-
gronth method.The mining processs divided into 3-phases(l) Mining ClosedFre-
quentitemset;(ll) Databasé&ncodingand(lll) Mining ClosedSequentiaPattern.The
proposedlgorithmusesbothvertical (F M L) andhorizontal(E D B) databaséormats
to reducethesearchingime in themining processBasically the proposedilgorithmis
amemory-basedlgorithm,andits ef ciency comedrom theremoval of databasscans
andcompressedtratey of bi-phasereductionapproachAlthough COBRA consumes
morememoryspacehanBIDE, thegainin time costshavs the advantageof COBRA.
Besidesmemoryspacecostcanbe further reducedby partition-and-alidationstrate-
giesor post(disk-basedf xtP runing .
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