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Abstract

Previous studieshave presentedcorvincing arguments
that a frequentpattern mining algorithm shouldnot mine
all frequentpatternsbut only the closedonesbecausehe
latter leadsto not only more compactyet completeresult
setbut also betterefficiency However, mostof the previ-
ouslydevelopedclosedpatternminingalgorithmswork un-
der the candidatemaintenance-and-tegiaradigmwhich is
inherently costlyin bothruntimeand spaceusage whenthe
supportthresholdis low or the patternsbecomdong.

In this paper we present,BIDE, an efficient algorithm
for mining frequentclosed sequencesvithout candidate
maintenance It adoptsa novel sequenceclosure chedk-
ing schemecalledBI-DirectionalExtensionandprunesthe
search spacemore deeplycompaedto the previousalgo-
rithmsbyusingtheBadkScarpruningmethodandthe Scan-
Skipoptimizationtechnique A thoroughperformancestudy
with both sparse and densereal-life data setshasdemon-
stratedthat BIDE significantlyoutperformghe previousal-
gorithms: it consume®rder(s) of magnitudelessmemory
and can be more than an order of magnitudefaster It is
alsolinearly scalablein termsof databasesize

1 Intr oduction

Sequentiapatternmining, sinceits introductionin [2],
hasbecomeanessentiatlatamining task,with broadappli-
cations,including market and customeranalysis,web log
analysis,patterndiscovery in protein sequencesand min-
ing XML queryaccesatternsfor caching.Efficient min-
ing methodshave beenstudiedextensiely, including the
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generalsequentialpatternmining [13, 20, 9, 24, 17, 4],
constraint-basedequentiapatternmining [6, 18, 19], fre-
guentepisodemining [12], cyclic associatiorrule mining
[14], temporalrelationmining [5], partial periodicpattern
mining [7], andlong sequentiapatternmining in noisyen-
vironment[23].

In recentyearsmary studieshave presenteccorvinc-
ing argumentsthat for mining frequentpatterns(for both
itemsetsand sequences)ne shouldnot mine all frequent
patternsbut the closedonesbecauseéhe latter leadsto not
only more compactyet completeresult setbut also better
efficiency [15, 25, 22, 21]. However, unlike mining fre-
guentitemsets,there are not so mary methodsproposed
for mining closedsequentialpatterns. This is partly due
to the compleity of the problem. To our bestknowledge,
CloSpanis currently the only suchalgorithm [22]. Like
most of the frequentcloseditemsetmining algorithms, it
follows a candidatemaintenance-and-tegaradigmj.e., it
needgo maintainthe setof alreadyminedclosedsequence
candidatesvhich can be usedto prune searchspaceand
checkif a newly found frequentsequencés promisingto
beclosed.Unfortunatelya closedpatternmining algorithm
under such a paradigmhasrather poor scalability in the
numberof frequentclosedpatterndbecause large number
of frequentclosedpatterngor just candidatesyvill occupy
muchmemoryandleadto largesearchspacedor theclosure
checkingof new patternswhich is usually the casewhen
thesupportthresholds low or the patternsbecomdong.

Canwe find a way to mine frequentclosedsequences
without candidatemaintenance?This seemgto be a very
difficult task. In this paper we presenta nice solution
which leadsto an algorithm, BIDE?, that minesefficiently
the completeset of frequentclosedsequencesin BIDE,
we do not needto keeptrack of ary single historical fre-
guentclosedsequencdor candidate)for a new patterns
closurechecking,which leadsto our proposalof a deep
searchspacepruningmethodand someotheroptimization

1 BIDE standsfor Bl-Directional Extensionbasedrequentclosedse-
quencemining.



techniquesOur thoroughperformancestudydemonstrates
the big succesf the algorithm design: BIDE consumes
order(s)of magnitudedessmemoryandrunsover anorder
of magnitudefasterthanthe previously developedfrequent
(closed)sequencemining algorithms,especiallywhenthe
supportis low.

The rest of this paperis organizedas follows: In sec-
tion 2 we presenthe problemdefinition of frequentclosed
sequencenining anddiscusghe relatedwork andour con-
tributionsto this problem.Section3 is focusedonthe BIDE
algorithm:mainlyintroducingthe BI-Dir ectionalExtension
patternclosurecheckingmechanismthe BadkScanprun-
ing methodandthe ScanSkipptimizationtechnique Some
possibleextensionsarealsodiscussedh thissection.In sec-
tion 4 we presentan extensive experimentalstudy Finally,
we concludethe studyin sectionb.

2 Problemdefinition and relatedwork

Let I = {iy,ia,...,in} be a setof distinct items.
A sequenceS$ is an orderedlist of events, denotedas
(e1,€9,...,em), Wheree; is anitem, i.e., e; € I for
1 < i < m. For brevity, a sequencas also written as
eies...e,. From the definition we know that an item
canoccurmultiple timesin differenteventsof a sequence.
The numberof events (i.e., instancesof items) in a se-
guences calledthelengthof the sequenc@nda sequence
with a length! is alsocalledan [-sequenceFor example,
AABCCA is a 6-sequence.A sequenceS,=aias - .. a,
is containedin anothersequenceS,=bbs .. .b,,, if there
exist integers1l < i1 < iy < ... < 1, < m suchthat
a1=bi,, az=b;,, ..., an,=b; . If sequences, is contained
in sequencey, S, is calleda subsequencef S, andS;, a
supersequence®f S,, denotedasS, C S;.

An input sequencedatabaseSDB is a set of tuples
(sid, S), wheresid is a sequencédentifier, and.S aninput
sequenceThenumberof tuplesin SD B is calledthebase
sizeof SDB, denotedas|SDB]|. A tuple (sid, S) is said
to containa sequences,,, if S is a supersequencef S,
i.e., S, C S. Theabsolutesupport of asequence,, in a
sequencelatabases D B is the numberof tuplesin SDB
thatcontainS,,, denotedassup®PZ(S,,), andtherelative
support is thepercentagef tuplesin S D B thatcontainS,,
(i.e., sup°PEB(S,)/|SDBJ). Withoutlossof generalitywe
usetheabsolutesupportfor describingthe BIDE algorithm
while usingtherelative supportto presenthe experimental
resultsin theremainingof the paper

Givena supportthresholdmin_sup, a sequences,, is a
frequentsequenceon SDB if sup®PB(S,) > min_sup.
If sequences,, is frequentand thereexists no propersu-
persequencef S, with the samesupport,i.e., A S; such
that S, C Sz andsupPB(S,) = sup®PB(S5), we call
S, afrequentclosedsequence The problemof mining

| Sequencédentifier | Sequence |

1 CAABC
2 ABCB
3 CABC
4 ABBCA

Table 1. An example sequence database SDB.

frequentclosed sequencess to find the completeset of
frequentclosedsequencesor an input sequencealatabase
S'D B, givenaminimumsupportthresholdmin_sup.

Example 1l Table 1 shows the input sequencedatabase
SDB in our running example. The databaséastotally 3
uniqueitems, four input sequences§.e., |SDB|=4). Sup-
posemin.sup= 2. The completesetof frequentclosedse-
quencesSy.s = {AA:2, ABB:2, ABC:4, CA:3, CABC:2,
CB:3}, consistsof only six sequencesyhile the whole set
of frequentsequencesonsistof 17 sequenceghatis, Sy,
={A:4, AA:2, AB:4, ABB:2, ABC:4, AC:4, B:4, BB:2,
BC:4,C:4,CA:3,CAB:2, CABC:2,CAC:2,CB:3,CBC:2,
CC:2}. Olviously, S¢.s is morecompactthanSs,. Also,
if a frequentsequences,, hasthe samesupportas that
of oneof its propersupersequencé;, S, is absorbedby
S. For example, frequentsequenceCBC:2 is absorbed
by sequenceCABC:2, because(CBC C CABC) and
(sup®PB(CBC) = sup®PB(CABC) =2). 1

Notice that in the above definition of a sequencegach
eventcontainonly asingleitem. ThusthederivedBIDE al-
gorithm minesonly frequentclosedsingle-itemsequences.
In section3.6,we shav thatBIDE canbeeasilyextendedo
mine closedsequencesf subsetof items(e.g.,sequences
of shoppingtransactions).We first discussmining single-
item sequencebecaus€l) it makesthe presentatiorctiear
by focusing on the methodologyand optimization tech-
niguesinsteadof tediousdescription,and (2) it represents
one of the mostimportantand populartype of sequences,
suchasDNA strings,proteinsequencediebclick streams,
andsequencesf file block referencesn operatingsystems.

2.1 Relatedwork

The sequentialpatternmining problem was first pro-
posedby Agrawal and Srikantin [2], and the sameau-
thorsfurtherdevelopeda generalize@ndrefinedalgorithm,
GSPJ[20], basedon the Apriori property[1]. Sincethen,
mary sequentiapatternmining algorithmshave alsobeen
proposedfor performanceimprovements. Among those,
SFADE [24], PrefixSpanjl7], andSFAM [4] arequiteinter-
estingones.SFADE is basednaverticalid-list formatand
usesa lattice-theoreti@approacho decomposéhe original
searchspaceinto smallerspaceswhile PrefixSpanadopts



ahorizontalformatdatasetepresentatioandminesthe se-
guentialpatternsunderthe pattern-gravth paradigm:grow
a prefix patternto getlonger sequentiapatternsby build-
ing andscanningts projecteddatabaseBoth SFADE and
PrefixSRinoutperformGSP SFAM is arecentlydeveloped
algorithmfor mining long sequentiapatternsandadoptsa
verticalbitmaprepresentatiorilts performancetudyshovs
that SFAM is more efficient in mining long patternsthan
SFADE andPrefixSpanhowever, it consumesnore space
in comparisorwith SFADE andPrefixSpan.
Sincetheintroductionof frequentcloseditemsetmining
[15], several efficient frequentcloseditemsetmining algo-
rithmshave beenproposedsuchasA-Close[15], CLOSET
[16], CHARM [25], and CLOSET+[21]. Most of these
algorithms needto maintain the already mined frequent
closedpatternsn orderto do patternclosurechecking.To
reducethe memoryusageandsearchspacefor patternclo-
sure checking,two algorithms, TFP [8] and CLOSET+,
adoptacompacP-level hashindexedresult-treestructureto

storethe alreadyminedfrequentcloseditemsetcandidates.

Someof the pruningmethodsandpatternclosurechecking
schemegproposedherecanbe extendedfor optimizingthe
mining of closedsequentiapatternsaswell.

CloSpanis a recently proposedalgorithm for mining
frequent closed sequenceq22]. It follows the candi-
date maintenance-and-testpproach: First generatea set
of closedsequenceandidatesvhich is storedin a hash-
indexed result-treestructureand then do post-pruningon
it. It usessomepruning methodslike CommomPefix and
Badkward Sub-Rttern pruning to prunethe searchspace.
BecauseCloSpanneedsto maintainthe set of historical
closedsequenceandidatesit will consumenuchmemory
andleadto hugesearchspacefor patternclosurechecking
whenthereare mary frequentclosedsequencesAs are-
sult, it doesnot scalevery well with respecto the number
of frequentclosedsequences.

Contributions. In this paper we introduceBIDE, an ef-
ficient algorithm for discovering the completeset of fre-
guent closed sequences. The contritutions of this pa-
perinclude: (1) A new paradigmis proposedfor mining
closedsequencewithoutcandidatanaintenance;alledBl-
DirectionalExtension Theforwarddirectionalextensionis
usedto grow the prefix patternsandalsocheckthe closure
of prefix patternswhile the backwarddirectionalextension
canbe usedto both checkclosureof a prefix patternand
prunethesearctspace(2) UndertheBI-Directional Exten-
sion paradigm,we designedan efficient algorithmfor fre-
guentclosedsequenceamining, BIDE. The BI-Directional
Extensionpatternclosurecheckingschemethe BadkScan

2 CLOSET-+adoptsa hybrid closurecheckingschemezthe resulttree
methodfor densedatasetandupwaid cheding for sparselatasetsamong
which the upwad chedking canberegardedasa simplified versionof the
badkward-extensioneventchedking describedn Lemma2 of this paper

pruning method,andthe ScanSkipptimizationtechnique
are proposedto speedup the mining and also assurethe
correctnessf thealgorithm. (3) Ourthoroughperformance
studyshaws that BIDE hassurprisinglyhigh efficiency: it
canbe anorderof magnitudefasterthan CloSpanbut only
usesorder(s)of magnitudelessmemoryin mary cases.lIt
alsohasvery goodscalabilityw.r.t. the databassize.

3 BIDE: An efficient algorithm for frequent
closedsequencemining

In this section,we introducethe BIDE algorithmby an-
swering the following questions: How to enumeratethe
completeset of frequentsequences?Jpon getting a fre-
guentsequencehow to checkif it is closed?How to design
somesearchspacepruning methodsor other optimization
techniquego acceleratéhe mining process?
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Fig. 1. Thelexicographicfrequentsequencéreein our
runningexample.
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3.1 Frequentsequencesnumeration

Assumethereis a lexicographicalordering < among
the setof items I in the input sequencealatabasde.g.,in
our running example, one possibleitem ordering can be
A < B < (), conceptuallythe completesearchspaceof
sequencenining forms a sequencdree [4], which canbe
constructedn thefollowing way: Theroot nodeof thetree
is at the top level and labeledwith ), recursvely we can
extendanodeNN atlevel L in thetreeby addingoneitem
in I to geta child nodeat the next level L+1 andthe chil-
drenof anode N aregeneratecndarrangedaccordingto
thechosenexicographicabrdering.By remaoving theinfre-
guentsequencem the sequencéree,the remainingnodes
in the lattice form a lexicographicfrequentsequencdree,
which containghecompletesetof frequentsequencedrig.
1 shavsthelexicographicfrequentsequencéreebuilt from
our runningexample. In Fig. 1, eachnodecontainsa fre-
guentsequenceandits correspondingupport,andthe se-
guencesn the dottedellipsesarenon-closednes.



Many previous frequentpattern (either itemsetor se-
guence)mining algorithmshave elaborateahat depth-first
searchingis more efficient in mining long patternsthan
breadth-firstsearching[4]. BIDE traversesthe sequence
tree in a strict depth-firstsearchorder In our example
shawvn in Fig. 1, the frequentsequencewill be minedand
reportedin suchan order: A:4, AA:2, AB:4, ABB:2,
ABC:A, AC:4, B:4, BB:2, BC:4, C:4, CA:3, CAB:2,
CABC:2,CAC:2,CB:3,CBC:2,CC:2.

A certainnodein the sequencdree can be treatedas
a prefix sequencefrom which the set of its children can
be generatecby addingoneitem in I. Someitems may
not be locally frequentwith respectto (abbreviatedw.r.t.)
the correspondingorefix sequence.Becausewe are only
interestedn mining frequentsequencesaccordingto the
downwad closute property (also called the Apriori prop-
erty[1]), we only needto grow a prefix sequenceisingthe
setof its locally frequentitems. To computethelocally fre-
guentitemsw.r.t. a certainprefix, a well-known methodis
to build the projecteddatabaséor the prefix andscanit to
counttheitems. Two kindsof projectionmethodshave been
usedin thepast: physicalprojectionandpseudagrojection
[17]. Becausehe physicalprojection-basednethodneeds
to physicallybuild the conditionalprojecteddatabasest is
not space-andruntime-efficient dueto the costof allocat-
ing andfreeingmemory In BIDE, we only usethe pseudo
projectionmethodto find the setof locally frequentitems
w.r.t. a certainprefix andusethemto grow the correspond-
ing prefix. Herewe briefly introducethe pseudo-projection
method(for details,see[17]).

Definition 1 (First instanceof a prefix sequenci Given
aninputsequence which containsa prefix 1-sequence;,
thesubsequencgom thebeginningof S to thefirst appear
anceof item e; in S is called the first instanceof prefix
1-sequence; in S. Recursvely, we candefinethefirst in-
stanceof a (i + 1)-sequence;es. .. e;e; 11 from thefirst
instanceof the i-sequence;es . .. e; (Wherei > 1) asthe
subsequendeom thebeginningof S to thefirst appearance
of iteme; 1 which alsooccursafterthefirstinstanceof the
i-sequence;es . . . e;. For example thefirstinstanceof the
prefix sequencel B in sequenc&€ AABC isCAAB.

Definition 2 (Projected sequenceof a prefix sequencg
Given an input sequenceS which containsa prefix i-
sequence;es . .. ¢;, the remainingpart of S after we re-
movethefirstinstanceof theprefixi-sequence;e; . .. ¢; in
Sis calledtheprojectedsequencev.r.t. prefixejes ... e; in
S. For example,the projectedsequencef prefix sequence
ABin sequencedBBCAis BCA. 1

Definition 3 (Projected databaseof a prefix sequencg
Givenaninput sequencealatabases D B, the completeset
of projectedsequencesn SDB w.r.t. a prefix sequence

e1es...e; is called the projected databasew.r.t. prefix
e1es...e; in SDB. For example,the projecteddatabase
of prefix sequenced B in our runningexampleis {C, CB,
C,BCA}. 1

After giving the definition of the projecteddatabasdor
acertainprefix sequenceheideaof pseudo-projectiogan
be describedasfollows. Insteadof physicallyconstructing
theprojecteddatabaseye only needto recordasetof point-
ers,onefor eachprojectedsequencepointingatthestarting
positionin the correspondingprojectedsequence By fol-
lowing the setof pointersi,it is easyto locatethe setof pro-
jectedsequencesAnd by scanningorward eachprojected
sequencav.r.t. a prefix S, andcounttheitems(Thisis the
so-calledForward-extensionstep),we will find the locally
frequentitemsw.r.t. prefix S,,, which canbe usedto grow
prefix S, in orderto getlongerfrequentprefix sequences.
For example,if S,=AB, thesetof its locally frequenttems
is {C:4, B:2}.

Frequent-sequence-enumer ation (SDB, min_sup, FS)

Input: an input sequence database $DB, a minimum support threshold min_sup
Output: the complete set of frequent sequences, FS

1. FS=g;

2: call Freguent-sequences(SDB, @, min_sup, F9);

3. returnFS;

Frequent-sequences (S, SDB, S, min_sup, FS)

Input: aprojected sequence database §, SDB, a prefix sequence S,
and aminimum support threshold min_sup

Output: the current set of frequent sequences, FS

4:if 8, isnon-empty

5. FS=FSUS;;

6: LF_S, = locally frequent items (S,_SDB, S, min_sup);

7:if LF_Syisempty

8. Return;
9: for each locally frequent itemi
10:  §'=<S,i>;

11:  §,_SDB = pseudo projected database (S, $,_SDB);
12:  call Frequent-sequences(S,_SDB, S,, min_sup, FS);

Fig. 2. Frequensequencenumeratioralgorithm.

Fig. 2 shaws the algorithm to enumerateghe complete
setof frequentsequenceswhich is similar to the pseudo-
projection-basedPrefixSparalgorithm. It recursvely calls
subroutine Frequent-sequencetS,_SDB, Sp,, min.sup,
FS) For a certainprefix S,, if it is non-empty output it
(line 4 and 5), scanprojecteddatabaseS,_SDB onceto
find the locally frequentitems (line 6), eachfrequentitem
i canbe chosenin lexicographicalorderingto grow .S, to
geta new prefix S; (line 10), scanS,_.SDB onceagain
to build pseudo-projectiodatabaséor eachnew prefix S;
(line 11). Furthermorepnecaneasilyfigureoutthattheor-
derof thefrequentsequencenumerations consistentvith



thedepth-firsttraversalof the frequentsequencéree.

3.2 The BI-Directional Extensionclosure checking
scheme

The frequentenumeratioralgorithmin Fig. 2 canonly
be usedto mine the completesetof frequentsequences-
steadof the frequentclosedones. Usually upongettinga
new frequentprefix sequencewe needto do pattern clo-
sure cheding in orderto assureghatit is really closed,i.e.,
it cannotbe absorbedy oneof its supersequencevith the
samesupport. Currently mostof the frequentclosedpat-
tern (both itemsetand sequencemining algorithms, like
CLOSET([16], CHARM [25], TFP [8] and CloSpan[22],
needto maintainthe setof alreadyminedfrequentclosed
patterng(or just candidates)n memoryanddo (1) subpat-
tern cheding, that checksif a newly found patterncanbe
absorbedby an alreadymined frequentclosedpattern(or
candidate)and/or(2) superpatterncheding, whichchecks
whetherthe newly found patterncanabsorbsomealready
minedclosedpatterncandidates.

For aproperlydesignedloseditemsetmining algorithm
like CHARM, it only needgto do the subpatterrchecking,
whichis usuallylessexpensvethansuperpatternchecking.
However, a typical frequentclosedsequencenining algo-
rithm usuallyneedso do bothsubpattermndsuperpattern
checking.Herewe canuseour runningexampleto explain
it. Let thelexicographicalorderingbe B < A < C. Upon
gettinga new frequentsequenced BC:4, anotherfrequent
sequence3(C'4 hasalreadybeenmined,which canbe ab-
sorbedby ABC:4. Therefore we needto do superpattern
checkingin orderto remove the previously minedbut non-
closedfrequentsequencedn addition,whenwe geta new
prefixsequencé€’:4, anotheffrequentsequencel BC':4 has
alreadybeenmined,which canabsorbC:4. As aresult,we
alsoneedto do sub-patterrcheckingin orderto removethe
newly foundbut non-closedsequence.

It is easyto seethat becausehe above patternclosure
checkingschemeadoptedby the previousalgorithmsneeds
to maintainthe alreadymined frequentclosedpatterns(or
candidates)n memory the algorithmslike CloSpanmay
consumemuch memory and the searchspacefor pattern
closurecheckingwill behugewhenthereexist alargenum-
berof frequentclosedsequencesSomecloseditemsetmin-
ing algorithmssuchasTFP[8] try to save spaceby storing
the closeditemsetcandidatesn a compactprefix itemset-
tree structureand reducethe searchspaceby applying a
two-level hash-ind&. CloSpanadoptsthe similar tech-
nigues,however, because prefix sequencéreeis usually
lesscompactthan an itemsettree, it still consumesnuch
memory

To avoid maintainingthe set of alreadymined closed
sequenceandidatesn memory we have designeda new

sequencelosure checkingscheme called BI-Directional
Extensionchecking. Accordingto the definition of a fre-
guentclosedsequenceif ann-sequenceS=e;es...e,, IS
non-closedtheremust exist at leastone event, e/, which
can be usedto extend sequenceS to geta new sequence,
S’, which hasthe samesupport. The sequenceS can
be extendedin three ways: (1) S’ = ejes...e,e’ and
supSPB(S") = supSPB(S); 2)3i (1 < i < n), §' =
e1€z...eie’eiry ...e, and supSPB(S") = supPB(S9);
and(3) S’ = €'erea. .. e, and sup®PB(S")=supSPB(S).
In the first case,event ¢’ occursafter event e,,, we call
¢’ a forward-extensionevent (or item) and S’ a forward-
extensionsequencew.r.t. S. While in the secondand
third cases,event ¢’ occursbefore event e,,, we call ¢’
a badkward-extensionevent (or item) and .S’ a badkward-
extensionsequencav.r.t. S. After giving the above defini-
tion, thefollowing theoremwill beevidentaccordingo the
definitionof afrequentclosedsequence.

Theorem1 (BI-Directional Extensionclosure cheding)
If there exists no forward-extensionevent nor badkward-
extensioneventw.r.t. a prefix sequences,, S, mustbe a
closedsequenceptherwise S, mustbenon-closedl

Fromtheoreml we know thatto judgeif afrequentpre-
fix sequencés closed,we needto checkwhetherthereis
ary forward-extensionevent or backward-extensionevent.
It is relatively easyto find the forward-etensioneventsac-
cordingto thefollowing Lemma.

Lemmal (Forward-extensioneventcheding) For a pre-
fixsequence,,, its completesetof forward-extensiorevents
is equivalentto the setof its locally frequentitemswhose
supportsare equalto SUPSPE(S,).

Proof. Thelocally frequenitemsare foundby scanningthe
projecteddatabasew.r.t. S,, which consistsof all the pro-
jectedsequencesSinceead eventin a projectedsequence
alwaysoccurs aftertheprefixsequencé,,, if it occursin ev-
ery projectedsequencgt formsa forward-extensionevent.
Also,anyeventoccurringafter thefirstinstanceof .S, must
be includedin the projected database which meansthe
completeset of forward-extensioneventscan be found by
scanningthe projecteddatabasew.r.t. S,. B

Definition 4 (Last instance of a prefix sequencg Given
an input sequenceS which containsa prefix i-sequence
eies...e;, the last instance of the prefix sequence
eies . ..e; in S isthesubsequenciEom thebeginningof S
to thelastappearancef iteme; in S. For example,thelast
instanceof the prefix sequenced B in sequenced BBC' A
isABB. 1

Definition 5 (The-th last-in-lastappearancew.r.t. a pre-
fix sequenc For aninput sequences containinga prefix



n-sequences,=eies . .. ey, thei-th last-in-lastappearance
w.r.t. the prefix S, in S is denotedas L L; anddefinedre-
cursively as: (1) if ¢ = n, it is thelastappearancef ¢; in
thelastinstanceof theprefix S, in .S; (2) if 1 <@ < n,itis
thelastappearancef e; in thelastinstanceof the prefix.S,
in S while LL; mustappearmefore LL;, . For example,
if S=CAABC andS,=AB, the 1stlast-in-lastappearance
w.r.t. prefix S, in S is thesecondA in S. &

Definition 6 (The i-th maximum period of a prefix se-
guence For an input sequenceS containinga prefix n-
sequenceSy=eies . .. ey, the i-th maximumperiod of the
prefix S, in S is definedas: (1) if 1 < ¢ < n, it is the
pieceof sequencédetweenthe end of the first instanceof
prefixejes . ..e; 1 in S andthei-th last-in-lastappearance
w.r.t. prefix Sp; (2) if ¢ = 1, it is the pieceof sequencen
S locatingbeforethe 1stlast-in-lastappearancev.r.t. pre-
fix S,. For example,if S=ABC B andthe prefix sequence
Sp=AB, the2ndmaximumperiodof prefix .S, in S is BC,
while the 1stmaximumperiodof prefix S, in Sis . R

Lemma 2 (Backward-extensionewent cheding) Let the
prefix sequencebe a n-sequenceSy=ejes...ey,. If 3i
(1 < i < n) andther existsan item ¢’ which appeas in
ead of the i-th maximunperiodsof the prefix.S, in SDB,
¢’ is a bakward-extensionevent(or item) w.r.t. prefix 5.
Otherwise for anyi (1 < ¢ < n), if we cannotfind any
itemwhich appeasin ead of thei-th maximumperiodsof
theprefix.S, in SD B, there will be no badkward-extension
eventw.r.t. prefix.S,,.

Proof. Fromthe definitionof thei-th maximumperiodof a
prefix sequencewe knowif iteme’ appeas in ead of the
i-th maximunperiodsof the prefixsequence,, wecanget
a new sequenceS]’D:elez...ei,le’ei...en (1 <i<mn)
or S,=e’eies...en (i = 1), which satisfiesS;, 1 5, and
supSDB(S{O) = sup®PB(S,). Theefor, ¢’ is a backward-
extensiontemw.r.t. prefix.S, and .S, is notclosed.

In addition, assumethere exists a sequencesS,
=c'erez...ey (fori = 1) or S, =erea...ei—1€'e;...ep
(for 1 < i < n), which canabsorbS,, thatis, iteme’ is
a bakward-extensiontemw.r.t. S;,. In each sequenceon-
taining S,, item ¢’ mustappearafter the first instanceof
prefixejez...e; 1 (for 1 < ¢ < n) and befor the i-th
last-in-lastappeaancew.r.t. S, which meansteme’ must
appearin the i-th maximumperiod of S,. Asa result,for
anyi (1 < i < n), if we cannotfind any item which ap-
peaisin ead of the i-th maximumperiodsof the prefix S,
in SDB, there will be no badkward-extensioneventw.r.t.
prefix.s,. &

We use an exampleto illustrate the sequenceclosure
checkingschemein BIDE. First, we assumeS,=AC"4, it
is easyto find thatitem B appearsn eachof the 2nd max-
imum periodsof S,,. As aresult AC:4 is not closed. In

contrast,let S,=ABC:4, we cannotfind ary backward-
extensionitem for it. Also thereis no forward-extension
itemfor it, thereforeABC"4 is afrequentclosedsequence.

3.3 The BadkScansearch spacepruning method

Upon finding a new frequentsequencéy the frequent
sequencenumeratioralgorithm,we canusethe above BI-
Directional Extensiorclosurecheckingschemeo checkif
it is closedin orderto generatethe completeset of non-
redundanfrequentsequencedAlthoughtheclosurecheck-
ing schemecanleadto more compactresultset,it cannot
improve the mining efficiengy. As Fig. 1 shows the whole
subtreeundernode* B:4’ containsno frequentclosedse-
guenceswhich meanghereis no hopeto grow prefix B:4
to generatary frequentclosedsequencedf we candetect
suchunpromisingprefix sequenceandstopgrowing them,
thesearchspacewill bereduced.

Searchspacepruningin frequentclosedsequencenin-
ing is trickier thanthatin frequentcloseditemsetmining.
Usually a depth-firstsearchbasedcloseditemsetmining
algorithmlike CLOSET canstopgrowing a prefix itemset
onceit findsthatthisitemsetcanbe absorbedy analready
minedcloseditemset. However, a closedsequencenining
algorithmcannotdo so. For example,assumehe lexico-
graphicalorderingin our runningexampleis A < B < C,
andthe currentprefix sequenceés C:4, which canbe ab-
sorbedby analreadyminedsequencel BC':4, but we can-
notstopgrowing C:4. As Fig. 1 shows,we canstill generate
threefrequentclosedsequenceé.e.,CA:3, CABC:2,and
CB:3) by growing prefix C:4. This complicatedsituation
is causedby the multiple instancesof the sameitem in a
sequencandthe temporalorderingamongthe eventsin a
sequence.

Definition 7 (Thei-th last-in-firstappearancev.r.t. apre-
fix sequencgFor aninput sequences containinga prefix
n-sequencé,= ejesz . . . ey, thei-th last-in-firstappearance
w.r.t. the prefix S, in S is denotedas L F; anddefinedre-
cursiely as: (1) if ¢ = n, it is thelastappearancef ¢; in
thefirst instanceof the prefix S, in S; (2)if 1 < i < n, it
is thelastappearancef ¢; in thefirst instanceof the prefix
Sp in S while L F; mustappeabeforeL £, ;. For example,
if S=CAABC andS,=C A, the2ndlast-in-firstappearance
w.r.t. prefix Sp, in S is thefirst Ain S. W

Definition 8 (The i-th semi-maximumperiod of a prefix
sequencg For aninput sequences containinga prefix n-
sequences,= ejes ... ey, the i-th semi-maximumperiod
of theprefix .S, in S is definedas: (1) if 1 < 7 < n, it isthe
pieceof sequencédetweenthe end of the first instanceof
prefixeies . ..e;—1 in S andthei-th last-in-firstappearance
w.r.t. prefix Sp; (2) if ¢ = 1, it is the pieceof sequencen



S locatingbeforethe 1stlast-in-firstappearancev.r.t. pre-
fix S,. For example,if S=ABC B andthe prefix sequence
Sp=AC, the 2nd semi-maximunperiodof prefix AC in S
is B, while the 1stsemi-maximunperiodof prefix AC in
Siso. 1

Theorem2 (BackScanseard spacepruning) Letthepre-
fix sequencde an n-sequenceS,=ejea ... ey, If 3 (1 <
i < n) andthere existsaniteme¢’ which appeasin ead of
thei-th semi-maximurperiodsof theprefix.S, in SD B, we
cansafelystopgrowing prefix.s,,.

Proof. Becausdteme’ appeas in ead of the i-th semi-
maximumperiods of the prefix S, in SDB, we can get
a new prefix Sz’,=eleg c..ei1€ei...e, (1 < i < n)

or S;=€’eies...e, (i = 1), and both (S, C S,) and
(sup®PE(S,) = supSDB(S;))) hold. Any locally fre-

quentiteme” w.r.t. prefix.S, is alsoa locally frequentitem
wr.t. S, in the meantime(( Sy, ¢’ ) C ( S}, ¢” )) and
(sup®PB((S,, ")) = supSDB(<S;,, e’’))) hold. Thismeans
thereis nohopeto minefrequentlosedsequencewith pre-

fix.5,. H

For example,if prefixsequence,=B:4, thereis anitem
A which appearsn eachof the 1st semi-maximunyperiod
of prefix S, in SDB, we cansafely stopmining frequent
closedsequencesiith prefix B:4. In contrast,f S,=C"4,
we cannotfind any item which appearsn eachof the 1st
semi-maximurrperiodsof prefix S, in SDB. As aresult,
we cannotstopgrowing C':4.

Comparedwith somepruning methodsusedin previ-
ously developedalgorithms[16, 25, 22], which are based
ontherelationship@amongthenewly foundfrequentpattern
andsomealreadyminedclosedpatterngor justcandidates),
the BadkScanpruningmethodis moreaggressie andthus
more effective. Consideranotherpossiblelexicographical
orderingin ourrunningexampleB < A < C, whichmeans
we first mine the closedsequencewith prefix B. Accord-
ing to Theoren2, we cansafelypruneprefix B anddirectly
mine frequentclosedsequencesvith prefix A. However,
becausehereare no other alreadymined frequentclosed
sequencesor candidates¥or checking,algorithmsbased
on the candidate-maintenance-drtestparadigmwill still
try to use B asa prefixto grow frequentclosedsequences.

3.4 The ScanSkipptimization technique

The above closurecheckingschemeneedso scanback-
ward a setof maximum-periodsv.r.t. a certainprefix, this
is one of the mostexpensve operationsn BIDE. Assume
the currentprefix sequencds Sp=ejes ... e, with a sup-
port SUPs,. Forary i (1 < i < n), let {MP{,MPj, ...,
MPgUPSP } bethe SU Pg,, i-th maximumperiodsw.r.t. S,,.
By scanninghe k-th i-th (1 < i < n) maximumperiodwe

cangeta setof uniqueitems, denotedas SI;. The setof
itemswhich appearsn eachof the i-th maximumperiods
w.r.t. S, equalsSI; N SIZN...N SIngPSp andis denoted
asMNgys.

In the sequencelosurecheckingschemewe only care
aboutwhetherng;: is emptyor not. If we find that after
we scanthe first m i-th maximum periods, the intersec-
tion of the setof itemswhich appeardsn eachof the first
m i-th maximum periodshasbecomeempty we will do
not needto scanthe left (SU Ps,-m) i-th maximumperi-
ods, becausewe alreadyknow Ng;: mustbe empty We
call this optimizationthe ScanSkigechnique.Similarly, in
the BakScarsearctspacepruningmethod BIDE needgo
scanbackwarda numberof semi-maximunperiodsw.r.t. a
prefix sequenceThe ScanSkigechniquecanalsobe used
to speedup the BadkScansearchspacepruning.

Here we usean exampleto illustrate the usefulnessof
the Scanskipptimizationtechnique.ln our runningexam-
ple shavnin Tablel, assumeéhe currentprefix sequencés
ABC:4. Thesetof the 3rd maximumperiodsw.r.t. ABC":4
is {@, @, @, B}, afterscanninghefirst 3rd maximumpe-
riod we find thatit containsnoitem, we know thattherewill
benoitemwhich appearsn eachof thefour 3rd maximum
periodsw.r.t. prefix ABC:4 without scanninghelastthree
3rd maximumperiods. The setof the 2nd maximumperi-
odsw.r.t. ABC:4is {A, &, &, B}, afterscanninghe first
two 2ndmaximumperiodswe alreadyknow thattherewill
benoitemwhich appearsn eachof thefour 2nd maximum
periodsw.r.t. prefix ABC:4. Similarly, The setof the 1st
maximumperiodsw.rt. ABC:4is {CA, &, C, &}, wecan
skipthescanningof thelasttwo 1stmaximumperiodsw.r.t.
ABC"A.

3.5 The BIDE algorithm

Fig. 3 shows the BIDE algorithm. It first scansthe
databaseonce to find the frequent 1-sequencegline 2),
builds pseudo projected databasefor each frequent 1-
sequencdline 3 and 4), treatseachfrequentl-sequence
as a prefix and usesBadkScanpruning methodto check
if it canbe pruned(line 6), if not, computesthe number
of badkward-extension-itemgline 7), and calls subroutine
bide(S,-SDB, Sp,, min_sup,BEl, FCS)(line 8). Subroutine
bide(S,-SDB, S,, min.sup, BEI, FCS) recursvely calls
itself and works as follows: For prefix S,,, scanits pro-
jecteddatabases,_SDB onceto find its locally frequent
items(line 10), computethe numberof forward-extension-
items(line 11), if thereis no badkward-extension-itenmor
forward-extension-itemoutput S,, asa frequentclosedse-
guencgline 12and13),grow S, with eachlocally frequent
itemin lexicographicabrderingto getanew prefix (line 15)
and build the pseudoprojecteddatabasdor the new pre-
fix (line 16), for eachnew prefix, first checkif it canbe



pruned(line 18), if not, computethe numberof badkward-
extension-itemgline 19) andcall itself (line 20). We need
to pointout thatbothsubroutineBadkScan(andbadkward
extensionched() usethe ScanSkigechniqueto speedup
themining process.

BIDE (SDB, min_sup, FCS)

Input: an input sequence database $DB, aminimum support threshold min_sup
Output: the complete set of frequent closed sequences, FCS

1. FCS=0;

2. F1=frequent 1-sequences(SDB, min_sup);
3: for (each 1-sequence f1 in F1) do
4 SDB"= pseudo projected database (SDB);
5: for (each f1 in F1) do

6 if ('BackScan(fL, SDB")
7. BEI=backward extension check (f1, SDB™);
8 call bide(SDB™, f1, min_sup, BEI, FCS);

9: returnFCS;

bide ($,_SDB, S, min_sup, BEI, FCS)

Input: aprojected sequence database S, SDB, a prefix sequence S,
aminimum support threshold min_sup, and the number of backward
extension items BEI

Output: the current set of frequent closed sequences, FCS

10: LFI = Igcally frequent items (S, SDB);

11 FEI =ﬁz in LAl |zap =sp = (8,)];

12: if ((BEI+FEI)==0)

13 FCSFCSU({S,};

14: for (eachi in LFI)do

15 §=<S,0>; |

16:  $DB¥'= pseudo projected database (S, SDB, S, );

17: for (eachi in LFI)do

18 if (‘Backcan(S,, SDB¥)) , ,

19: BE|=backward extension check (8, , SDB¥);

20: call bide(SDB?, S, min_sup, BEI, FC9);

Fig. 3. BIDE algorithm.

3.6 Further discussions

Unlike mostof the previous closedpatternmining algo-
rithms, BIDE can prunesearchspaceand checkif a pat-
ternis closedwithout maintenanceof ary alreadymined
patterns(or just candidates)it is very spaceefficient and
its worst casememory usagecan be calculatedeven be-
forethemining. Assumetheinputsequenceéatabasé DB
contains s_num input sequencedi.e., |SDB|=s_num)
and totally :_num distinct items, on average each se-
guencecontainsivg_l eventsthelongestsequenceontains
max_l events. The worst casememoryusagein BIDE is
O((s-num x avg.l) + (mazl x s_num * (2 x mazx_l)) +
(max_l * i_num)). (s.num x avg_l) representshe input
sequencelatabase(max_l x s_num * (2 * max_l)) repre-

sentsgheworstcaseof spacausageor building pseudro-
jecteddatabasesthe longestfrequentclosedsequencdas
a lengthno greaterthanmaz_I, which meansthereare at
mostmax_l pseudgprojecteddatabasewhich canco-exist
atacertaintime, andeachpseud@rojecteddatabaseorre-
spondgo a prefix with a lengthno greaterthanmaa:_l and
asupportnogreatethans_num, givenaprefixin ary input
sequenceye needto recordat most(2 * max_l) positions
in orderto locateall the last-in-lastmaximumperiods(In
our implementationwe only needto record (maz_l + 1)
positions). (max_l * i_num) representshe upperbound
spacecostin computingthe badkward-extensiorevents
The above BIDE algorithm can only mine frequent
closedsequence®f single items, but it is rathereasyto
extendit to mine frequentclosedsequencesf subsetsof
items, thatis, eachevent may containa setof un-ordered
items. As [4] hasshavn therearetwo kinds of extensions
to grow a certainprefix sequencesequencexdensiongab-
breviated S-extension)anditemset-&tensiongabbreviated
[-extension). A sequencextensionw.r.t. a prefix is gen-
eratedby addinga new event consistingof a singleitem
to the prefix sequencewhile an itemsetextensionw.r.t. a
prefix is a sequencegeneratedby addingan item to ary
one event of the prefix sequence.To revise the frequent
sequenceenumeratioralgorithm showvn in Fig. 2 in order
to mine frequentsequencesf subsetof itemsis straight-
forward, which is very similar to the pseudo-projection
basedPrefixSpanalgorithm [17]. To checkif a frequent
sequenceof subsetsof items is closed, we needto fig-
ure out whetherthere exists ary S-extensionitem or I-
extensionitem which hasthe samesupportas the prefix
sequence.The Bl-Directional Extensionclosurechecking
schemedescribedin section3.2 and the BadkScanprun-
ing methodhave shavn how to computethe backward(or
forward) S-extensionitemsfrom the maximumperiods(or
semi-maximunperiods) while it is arelatively straightfor
ward procesgo extendit to computethe backward (or for-
ward) I-extensionitemsunderthe sameframework. Dueto
limited spacewe will leaveit to theinterestedeaders.

4 Performanceevaluation

In this section,we will presenurthoroughexperimen-
tal resultsin orderto testify the following claims: (1) A
properly designedfrequentclosedsequencamining algo-
rithm like BIDE or CloSpancan significantly outperform
two efficientfrequentsequencenining algorithms PrefixS-
pan and SFADE when the supportthresholdis low; (2)
BIDE consumesmuch lessmemoryand can be an order
of magnituddasterthanCloSpany3) BIDE haslinearscal-
ability in termsof basesize;and(4) TheBadkScarnpruning
methodandthe ScanSkiggechniquearevery effectivein en-
hancingthe performance.



4.1 Testervironmentand datasets

All of our experimentswere performedon an IBM
ThinkPadR31with 384MB memoryandWindows XP pro-
fessionalinstalled. In the experimentswve comparedIDE
with two frequentsequencenining algorithms,PrefixSpan
andSFADE, andonefrequentclosedsequencenining algo-
rithm, CloSpan.The sourcecodesof SFADE andPrefixS-
panandthe executablecodeof CloSpanwereprovided by
their correspondinguthors,respectiely. We ran the four
algorithmson the sameCygwin ervironmentwith the out-
put turnedoff.

Becausdhe syntheticdatasethiave far differentcharac-
teristicsfrom the real-world ones,in our experimentswe
only usedsomereal datasetdo do the tests. However, we
cautiouslychosetheserealdatasetsvhich cancoverarange
of distribution characteristics:sparse,a little dense,and
verydense.

Thefirst datasetGazelle is very sparsebut it contains
somevery long frequentclosedsequencesvith low sup-
portthreshold.Thisdatasetvasoriginally providedby Blue
Martini compaly andhasbeenusedin evaluatingboth fre-
guentitemsetmining algorithms[25, 8] and frequentse-
guencemining algorithms[22]. It containstotally 29369
customersWeb click-streanmdata.For eachcustomethere
is a correspondingseriesof pageviews, andwe treateach
pageview as an event. This datasetcontains29369 se-
guenceqi.e., customers)87546events(i.e., pageviews),
and1423distinctitems(i.e., webpages)More detailedin-
formationaboutthis datasetanbefoundin [11].

The seconddatasetSnale, is alittle denseandcangen-
eratealot of frequentclosedsequencewith amediumsup-
port thresholdlike 60%. It is a bio-datasetvhich contains
totally 175 Toxin-Snale protein sequenceand 20 unique
items. This Toxin-Snale datasetis abouta family of eu-
karyoticandviral DNA binding proteinsandhasbeenused
in evaluatingpatterndiscovery task[10].

We alsofind avery densedatasetPi, from whichahuge
numberof frequentclosedsequencesan be mined even
with avery high supportthresholdik e 90%. This datasets
alsoabio-datasetvhich containsl 90proteinsequenceand
21distinctitems. This datasehasever beenusedto assess
thereliability of functionalinheritance3]. The character
isticsof thesedataset&reshowvn in Table2.

| Dataset| #seq. | #items | avg. seq.len. | max.seq.len. ]

Gazelle| 29369 | 1423 3 651
Snale 175 20 67 121
Pi 190 21 258 757

Table 2. Dataset Characteristics.

4.2 Experimental results

Closedyvs. all frequentsequencemining. Previous study
[22] hasshownn that a properly designedclosedsequential
patternmining algorithmlike CloSpancan outperforman
efficient sequentialpatternmining algorithm, PrefixSpan,
by morethanan orderof magnitude.As aresult,it will be
unfair to compareBIDE with someall-frequent-sequence
mining algorithms.Herewe only useonedataseto showv a
previously un-revealedfact: with a high supportthreshold,
awell-designecatlosedsequenceniningalgorithmmaylose
to someall-frequent-sequenaaining algorithms.Laterwe
will focusonthecomparisorof BIDE with CloSpan.
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Fig. 4. Comparisoramong Fig. 5. Comparisoramong
BIDE, CloSpanSRADE andBIDE, CloSpan SFADE and
PrefixSpanGazelledataset,PrefixSpanGazelledataset,

runtime). memory).

Fig. 4 andFig. 5 depictthe comparisorresultsamong
SFADE, PrefixSpan, CloSpan and BIDE for dataset
Gazelle From Fig. 4 we can seethat when the support
is greaterthan 0.03%, both PrefixSpanand Spadeoutper
form CloSpanand BIDE, but oncewe continueto lower
the supportthreshold(e.g.,to 0.02%), the two closedse-
guencemining algorithmswill outperformalot thetwo all-
frequent-sequenamining algorithmsdueto the generation
of an explosive numberof frequentsequencesor the lat-
ter. It alsoshaws that BIDE always outperformsCloSpan
with varying supportthreshold.From Fig. 5 we know that
both PrefixSparand BIDE usea ratherstablesizedmem-
ory, whichcanbemorethananorderof magnituddessthan
thoseusedby SFADE andCloSpan.

BIDE vs. CloSpan. We first comparedIDE with CloSpan
using the Gazelledataset. Fig. 6 depictsthe distribution
of the number of frequentclosed sequencesgainstthe
lengthof thefrequentclosedsequencefor supportthresh-
oldsvaryingfrom 0.02%to 0.01%.FromFig. 6 we cansee
thatmary long closedsequencesanbediscoveredfor this
sparsadataset.For example,at support0.01%,the longest
frequentclosedsequencéasa length127. Fig. 7 andFig.
8 demonstratehe runtime and memoryusagecomparison
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betweerBIDE andCloSpanWe canseeBIDE alwaysruns
muchfasterthanCloSparbut consumesnuchlessmemory
For example,at support0.01%,BIDE canbe morethanan
orderof magnitudefasterthanCloSpan,while it only uses
overanorderof magnituddessmemory
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Fig. 9 depictsthe distribution of the numberof frequent
closedsequencesagainstthe length of the frequentclosed
sequencefor dataseSnale. We canseeit is alittle dense
dataset:A lot of closedsequencesvith a mediumlength
from 6 to 12 can be mined with somenot very low sup-
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port thresholdsfrom 50% to 70%. Fig. 10 shaws that at
ahigh supportthreshold BIDE is severaltimesslowerthan
CloSpanhut oncethesupports nogreateithan60%,BIDE
will significantlyoutperformCloSpan.For example atsup-
port 50%, BIDE is about40 times fasterthan CloSpan.
From Fig. 11 we can seeBIDE usesmorethan 2 orders
of magnitudelessmemorythan CloSpanin almostall the
cases.Although this datasebnly contains175 sequences,
which is rathersmall, however, becauseCloSpanneedsto
keeptrack of the alreadymined frequentclosedsequence
candidatest canconsumanorethan300MB memaory For
example atsupports0%,BIDE only usesabout2MB mem-
ory, while CloSpanusesabout328MB memory
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We alsousethevery densedatasetPi, to compareBIDE
with CloSpan. From Fig. 12 we can seethat even with a
very high supportlike 90%,therecanbe a large numberof
shortfrequentclosedsequencewith alengthlessthan10.
Fig. 13 shaws that with a supporthigherthan 90%, these
two algorithmshave very similar performanceCloSpanis
only a little fasterthan BIDE, but oncethe supportis no
greaterthan88%, BIDE will outperformCloSparalot. For
example,at support88%, BIDE is morethan6 timesfaster
than CloSpan. From Fig. 14 we know BIDE alwaysuses
muchlessmemorythan CloSpan. At support88%, BIDE
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consumesover 2 ordersof magnitudeless memory than
CloSpan.

Scalability test. We testedBIDE’s scalabilityin bothrun-

time andmemoryusageusingall thethreedatasetén terms
of thebasesize.In Fig. 15andFig. 16, we fixedthesupport
thresholdat a certainconstantfor eachdatasetand repli-

catedthe sequencefrom 2 to 16 times. Although these3

datasethave ratherdifferentfeaturesBIDE showns alinear

scalabilityin both the runtime and memoryusageagainst
theincreasinghumberof sequencefor thesedatasetsFor

example,for datasetSnale with a given support60%, its

runtimeincreasegrom 807 secondgo 11906secondsand

its memoryusageincreasesrom 1.883MB to 21.784MB
whenthe numberof sequencemcreased 6times.
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Effectivenesf the optimization techniques.Fig. 17tests
the effectivenessf the BadkScanpruningmethod.We can
seethat the BadkScanpruning methodis very effective in
pruningsearchspaceand speedingup the mining process:
for gazelledatasetwith supportthresholdat 0.02%,it can
giveseveralordersof magnitudeenhancemerib theperfor-
mance.The effectivenesof the BadkScanpruningmethod
assureshat BIDE which is only basedon this single prun-
ing methodcansignificantly outperformin mostcaseshe
CloSpanalgorithmwhich adoptsseveral pruningmethods.

Fig. 18 shaws the effectivenessof the ScanSkipopti-
mization techniquefor Snale dataset. This techniqueal-
ways makesBIDE run fasterwith varying supportthresh-
olds. All the above performanceesultsfor BIDE useboth
the BadkScanpruningmethodandthe ScanSkiggechnique.
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5 Conclusions

Many studieshave elaboratedhat closedpatternmin-
ing hasthe sameexpressve power asthat of all frequent
patternmining yetleadsto morecompactesultsetandsig-
nificantly betterefficiengy. Our study shaved that this is
usually true whenthe numberof frequentpatternsis pro-
hibitively huge,in whichcasehenumberof frequentclosed
patterndgs alsolik ely very large. Unfortunately mostof the
previously developedclosedpatternmining algorithmsrely
on the historical set of frequentclosedpatterns(or candi-
dates)}to checkif a newly found frequentpatternis closed
orif it caninvalidatesomealreadyminedclosedcandidates.
Becausehe setof alreadymined frequentclosedpatterns
keepsgrowing during the mining processnot only will it
consumemorememory but alsoleadto inefficiency dueto
thegrowing searchspacdor patternclosurechecking.

In this paper we proposedBIDE, a novel algorithmfor
mining frequentclosedsequences.t avoids the curseof
the candidatemaintenance-and-testaradigm,prunesthe
searchspacemore deeply and checksthe patternclosure
in a more efficient way while consumingmuchlessmem-
ory in contrastto the previously developedclosedpattern
mining algorithms. It doesnot needto maintainthe setof
historic closedpatternsthusit scalesvery well in thenum-
berof frequentclosedpatterns BIDE adoptsa strict depth-
first searchorder and can outputthe frequentclosedpat-
ternsin anonlinefashion.An extensive setof experiments
on several real datasetsvith differentdistribution features
have shavn theeffectivenes®of thealgorithmdesign:BIDE
consume®rder(s)of magnituddessmemorywhile canbe



over an order of magnitudefasterthanthe CloSpanalgo-
rithm. It alsohaslinear scalabilityin termsof the number
of sequencem thedatabaseMany studieshave shovn that
constraintareessentiafor mary sequentiapatternmining
applications. In the future, we plan to study how to push
constraintglik e gapconstraint)into BIDE in orderto mine
morecompactandspecificresultset.
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