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Abstract

Previous studieshavepresentedconvincing arguments
that a frequentpatternmining algorithm shouldnot mine
all frequentpatternsbut only the closedonesbecausethe
latter leadsto not only more compactyet completeresult
setbut also betterefficiency. However, mostof the previ-
ouslydevelopedclosedpatternminingalgorithmsworkun-
der thecandidatemaintenance-and-testparadigmwhich is
inherentlycostlyin bothruntimeandspaceusagewhenthe
supportthresholdis low or thepatternsbecomelong.

In this paper, we present,BIDE, an efficient algorithm
for mining frequentclosed sequenceswithout candidate
maintenance. It adoptsa novel sequenceclosure check-
ing schemecalledBI-DirectionalExtension,andprunesthe
search spacemore deeplycompared to the previousalgo-
rithmsbyusingtheBackScanpruningmethodandtheScan-
Skipoptimizationtechnique. A thoroughperformancestudy
with both sparseand densereal-life data setshasdemon-
stratedthatBIDE significantlyoutperformsthepreviousal-
gorithms: it consumesorder(s)of magnitudelessmemory
and can be more than an order of magnitudefaster. It is
alsolinearly scalablein termsof databasesize.

1 Intr oduction

Sequentialpatternmining, sinceits introductionin [2],
hasbecomeanessentialdatamining task,with broadappli-
cations,including market andcustomeranalysis,web log
analysis,patterndiscovery in proteinsequences,andmin-
ing XML queryaccesspatternsfor caching.Efficient min-
ing methodshave beenstudiedextensively, including the�
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generalsequentialpatternmining [13, 20, 9, 24, 17, 4],
constraint-basedsequentialpatternmining [6, 18, 19], fre-
quentepisodemining [12], cyclic associationrule mining
[14], temporalrelationmining [5], partial periodicpattern
mining [7], andlong sequentialpatternmining in noisyen-
vironment[23].

In recentyearsmany studieshave presentedconvinc-
ing argumentsthat for mining frequentpatterns(for both
itemsetsandsequences),oneshouldnot mine all frequent
patternsbut the closedonesbecausethe latter leadsto not
only morecompactyet completeresult setbut alsobetter
efficiency [15, 25, 22, 21]. However, unlike mining fre-
quent itemsets,thereare not so many methodsproposed
for mining closedsequentialpatterns. This is partly due
to the complexity of the problem. To our bestknowledge,
CloSpanis currently the only suchalgorithm [22]. Like
most of the frequentcloseditemsetmining algorithms,it
followsa candidatemaintenance-and-testparadigm,i.e., it
needsto maintainthesetof alreadyminedclosedsequence
candidateswhich can be usedto prunesearchspaceand
checkif a newly found frequentsequenceis promisingto
beclosed.Unfortunately, aclosedpatternminingalgorithm
under such a paradigmhas rather poor scalability in the
numberof frequentclosedpatternsbecausea largenumber
of frequentclosedpatterns(or just candidates)will occupy
muchmemoryandleadto largesearchspacefor theclosure
checkingof new patterns,which is usually the casewhen
thesupportthresholdis low or thepatternsbecomelong.

Can we find a way to mine frequentclosedsequences
without candidatemaintenance?This seemsto be a very
difficult task. In this paper, we presenta nice solution
which leadsto an algorithm,BIDE1, thatminesefficiently
the completeset of frequentclosedsequences.In BIDE,
we do not needto keeptrack of any singlehistorical fre-
quentclosedsequence(or candidate)for a new pattern’s
closurechecking,which leadsto our proposalof a deep
searchspacepruningmethodandsomeotheroptimization

1 BIDE standsfor BI-DirectionalExtensionbasedfrequentclosedse-
quencemining.



techniques.Our thoroughperformancestudydemonstrates
the big successof the algorithm design: BIDE consumes
order(s)of magnitudelessmemoryandrunsover anorder
of magnitudefasterthanthepreviously developedfrequent
(closed)sequencemining algorithms,especiallywhenthe
supportis low.

The rest of this paperis organizedas follows: In sec-
tion 2 we presenttheproblemdefinitionof frequentclosed
sequencemining anddiscusstherelatedwork andour con-
tributionsto thisproblem.Section3 is focusedontheBIDE
algorithm:mainly introducingtheBI-DirectionalExtension
patternclosurecheckingmechanism,the BackScanprun-
ing methodandtheScanSkipoptimizationtechnique.Some
possibleextensionsarealsodiscussedin thissection.In sec-
tion 4 we presentanextensive experimentalstudy. Finally,
weconcludethestudyin section5.

2 Problemdefinition and relatedwork

Let ��� 	�

����
��������
����
���� be a set of distinct items.
A sequence � is an orderedlist of events, denotedas��� ��� � �����
����� ����� , where

�� 
is an item, i.e.,

�� "! � for#%$ 
 $'&
. For brevity, a sequenceis also written as� � � �(����� ��� . From the definition we know that an item

canoccurmultiple timesin differenteventsof a sequence.
The numberof events (i.e., instancesof items) in a se-
quenceis calledthe lengthof thesequenceanda sequence
with a length ) is alsocalledan ) -sequence.For example,*+*+,�-.-.*

is a 6-sequence.A sequence�0/ = 1 � 1 � �
����1 �
is containedin anothersequence�32 = 4 � 4 � �
���
4 � , if there
exist integers

#5$ 
 �76 
 �86 �
��� 6 
 � $9&
suchthat1:� = 4  <; , 1=� = 4  ?> , . . . , 1@� = 4  BA . If sequence� / is contained

in sequence� 2 , � / is calleda subsequenceof � 2 and � 2 a
supersequenceof � / , denotedas � /DC � 2 .

An input sequencedatabase�FE , is a set of tuplesG�H 
�I��
�KJ , where
H 
�I is a sequenceidentifier, and � aninput

sequence.Thenumberof tuplesin �FE , is calledthebase
sizeof �FE , , denotedas LM�FE , L . A tuple

G�H 
�IN���OJ is said
to containa sequence�0P , if � is a supersequenceof �3P ,
i.e., �0P C � . Theabsolutesupport of a sequence�0P in a
sequencedatabase�FE , is the numberof tuplesin �QE ,
thatcontain �0P , denotedas

H�R3S:TVUFWXG �0PYJ , andthe relative
support is thepercentageof tuplesin �QE , thatcontain � P
(i.e.,

HZR3S:TVUFW[G � P J�\NL?�FE , L ). Without lossof generality, we
usetheabsolutesupportfor describingtheBIDE algorithm
while usingtherelativesupportto presenttheexperimental
resultsin theremainingof thepaper.

Givena supportthreshold
& 
<] H�R3S , a sequence� P is a

fr equentsequenceon �FE , if
H�R3S:TVUFWXG � P JX^ & 
<] H�R3S .

If sequence� P is frequentand thereexists no propersu-
persequenceof � P with the samesupport,i.e., _`�0a such
that �0Pcb"� a and

H�R0SdTVUFW+G �0PYJe� H�R3S:TVUFWXG � a J , we call�0P a fr equent closedsequence. The problemof mining

Sequenceidentifier Sequence

1 C A A B C
2 A B C B
3 C A B C
4 A B B C A

Table 1. An example sequence database SDB.

frequentclosedsequencesis to find the completeset of
frequentclosedsequencesfor an input sequencedatabase�FE , , givena minimumsupportthreshold,

& 
<] H�R0S .

Example1 Table 1 shows the input sequencedatabase
SDB in our runningexample. The databasehastotally 3
uniqueitems,four input sequences(i.e., L?�FE , L =4). Sup-
posemin sup= 2. Thecompletesetof frequentclosedse-
quences,�3fhg�i = 	 AA:2, ABB:2, ABC:4, CA:3, CABC:2,
CB:3� , consistsof only six sequences,while thewholeset
of frequentsequencesconsistsof 17 sequences,thatis, �3fhi
= 	 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� . Obviously, � f=g�i is morecompactthan � fhi . Also,
if a frequentsequence,� P , hasthe samesupportas that
of oneof its propersupersequence,�0a , � P is absorbedby�0a . For example, frequentsequenceCBC:2 is absorbed
by sequenceCABC:2, because(

-.,�- b -.*[,j-
) and

(
H�R3S:TVUFWXG -.,j- JF� H�R0SdTVUFWXG -.*[,j- JK�lk ). m

Notice that in the above definition of a sequence,each
eventcontainsonly asingleitem. ThusthederivedBIDE al-
gorithmminesonly frequentclosedsingle-itemsequences.
In section3.6,weshow thatBIDE canbeeasilyextendedto
mineclosedsequencesof subsetsof items(e.g.,sequences
of shoppingtransactions).We first discussmining single-
item sequencesbecause(1) it makesthe presentationclear
by focusing on the methodologyand optimization tech-
niquesinsteadof tediousdescription,and(2) it represents
oneof the most importantandpopulartype of sequences,
suchasDNA strings,proteinsequences,Webclick streams,
andsequencesof file blockreferencesin operatingsystems.

2.1 Relatedwork

The sequentialpatternmining problem was first pro-
posedby Agrawal and Srikant in [2], and the sameau-
thorsfurtherdevelopedageneralizedandrefinedalgorithm,
GSP[20], basedon the Apriori property[1]. Sincethen,
many sequentialpatternmining algorithmshave alsobeen
proposedfor performanceimprovements. Among those,
SPADE [24], PrefixSpan[17], andSPAM [4] arequiteinter-
estingones.SPADE is basedonaverticalid-list formatand
usesa lattice-theoreticapproachto decomposetheoriginal
searchspaceinto smallerspaces,while PrefixSpanadopts



ahorizontalformatdatasetrepresentationandminesthese-
quentialpatternsunderthepattern-growth paradigm:grow
a prefix patternto get longersequentialpatternsby build-
ing andscanningits projecteddatabase.Both SPADE and
PrefixSPanoutperformGSP. SPAM is a recentlydeveloped
algorithmfor mining long sequentialpatternsandadoptsa
verticalbitmaprepresentation.Its performancestudyshows
that SPAM is more efficient in mining long patternsthan
SPADE andPrefixSpan,however, it consumesmorespace
in comparisonwith SPADE andPrefixSpan.

Sincetheintroductionof frequentcloseditemsetmining
[15], severalefficient frequentcloseditemsetmining algo-
rithmshavebeenproposed,suchasA-Close[15], CLOSET
[16], CHARM [25], and CLOSET+ [21]. Most of these
algorithmsneedto maintain the alreadymined frequent
closedpatternsin orderto do patternclosurechecking.To
reducethememoryusageandsearchspacefor patternclo-
surechecking,two algorithms,TFP [8] and CLOSET+2,
adoptacompact2-levelhashindexedresult-treestructureto
storethealreadyminedfrequentcloseditemsetcandidates.
Someof thepruningmethodsandpatternclosurechecking
schemesproposedtherecanbeextendedfor optimizingthe
miningof closedsequentialpatternsaswell.

CloSpanis a recently proposedalgorithm for mining
frequent closed sequences[22]. It follows the candi-
date maintenance-and-testapproach:First generatea set
of closedsequencecandidateswhich is storedin a hash-
indexed result-treestructureand then do post-pruningon
it. It usessomepruningmethodslike CommomPrefix and
Backward Sub-Pattern pruning to prunethe searchspace.
BecauseCloSpanneedsto maintain the set of historical
closedsequencecandidates,it will consumemuchmemory
andleadto hugesearchspacefor patternclosurechecking
whentherearemany frequentclosedsequences.As a re-
sult, it doesnot scalevery well with respectto thenumber
of frequentclosedsequences.
Contrib utions. In this paper, we introduceBIDE, an ef-
ficient algorithm for discovering the completeset of fre-
quent closed sequences. The contributions of this pa-
per include: (1) A new paradigmis proposedfor mining
closedsequenceswithoutcandidatemaintenance,calledBI-
DirectionalExtension. Theforwarddirectionalextensionis
usedto grow theprefix patternsandalsochecktheclosure
of prefixpatterns,while thebackwarddirectionalextension
canbe usedto both checkclosureof a prefix patternand
prunethesearchspace.(2) UndertheBI-DirectionalExten-
sion paradigm,we designedan efficient algorithmfor fre-
quentclosedsequencemining, BIDE. The BI-Directional
Extensionpatternclosurecheckingscheme,the BackScan

2 CLOSET+adoptsa hybrid closurecheckingscheme:the resulttree
methodfor densedatasetsandupward checking for sparsedatasets,among
which theupward checking canberegardedasa simplifiedversionof the
backward-extensioneventchecking describedin Lemma2 of thispaper.

pruningmethod,andthe ScanSkipoptimizationtechnique
are proposedto speedup the mining and also assurethe
correctnessof thealgorithm.(3) Our thoroughperformance
studyshows thatBIDE hassurprisinglyhigh efficiency: it
canbeanorderof magnitudefasterthanCloSpanbut only
usesorder(s)of magnitudelessmemoryin many cases.It
alsohasverygoodscalabilityw.r.t. thedatabasesize.

3 BIDE: An efficient algorithm for fr equent
closedsequencemining

In this section,we introducetheBIDE algorithmby an-
swering the following questions: How to enumeratethe
completeset of frequentsequences?Upon getting a fre-
quentsequence,how to checkif it is closed?How to design
somesearchspacepruningmethodsor otheroptimization
techniquesto acceleratetheminingprocess?
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Fig. 1. Thelexicographicfrequentsequencetreein our
runningexample.

3.1 Frequentsequenceenumeration

Assumethere is a lexicographicalordering
$

among
the setof items � in the input sequencedatabase(e.g., in
our running example, one possibleitem ordering can be* $ , $ -

), conceptuallythe completesearchspaceof
sequencemining forms a sequencetree [4], which canbe
constructedin thefollowing way: Theroot nodeof thetree
is at the top level and labeledwith s , recursively we can
extenda node t at level u in the treeby addingoneitem
in � to get a child nodeat the next level u +1 andthechil-
drenof a node t aregeneratedandarrangedaccordingto
thechosenlexicographicalordering.By removing theinfre-
quentsequencesin the sequencetree,the remainingnodes
in the lattice form a lexicographicfrequentsequencetree,
whichcontainsthecompletesetof frequentsequences.Fig.
1 showsthelexicographicfrequentsequencetreebuilt from
our runningexample. In Fig. 1, eachnodecontainsa fre-
quentsequenceandits correspondingsupport,andthe se-
quencesin thedottedellipsesarenon-closedones.



Many previous frequentpattern(either itemsetor se-
quence)mining algorithmshave elaboratedthatdepth-first
searchingis more efficient in mining long patternsthan
breadth-firstsearching[4]. BIDE traversesthe sequence
tree in a strict depth-firstsearchorder. In our example
shown in Fig. 1, the frequentsequenceswill beminedand
reportedin such an order:

*
:4,

*+*
:2,

*[,
:4,

*+,�,
:2,*+,j-

:4,
*[-

:4,
,

:4,
,�,

:2,
,�-

:4,
-

:4,
-.*

:3,
-.*[,

:2,-.*+,j-
:2,
-.*+-

:2,
-.,

:3,
-.,�-

:2,
-.-

:2.
A certainnode in the sequencetree can be treatedas

a prefix sequence,from which the set of its children can
be generatedby addingone item in � . Someitems may
not be locally frequentwith respectto (abbreviatedw.r.t.)
the correspondingprefix sequence.Becausewe are only
interestedin mining frequentsequences,accordingto the
downward closure property (alsocalled the Apriori prop-
erty [1]), we only needto grow a prefix sequenceusingthe
setof its locally frequentitems.To computethelocally fre-
quentitemsw.r.t. a certainprefix, a well-known methodis
to build theprojecteddatabasefor theprefix andscanit to
counttheitems.Two kindsof projectionmethodshavebeen
usedin thepast: physicalprojectionandpseudoprojection
[17]. Becausethephysicalprojection-basedmethodneeds
to physicallybuild theconditionalprojecteddatabases,it is
not space-andruntime-efficient dueto thecostof allocat-
ing andfreeingmemory. In BIDE, we only usethepseudo
projectionmethodto find the setof locally frequentitems
w.r.t. a certainprefix andusethemto grow thecorrespond-
ing prefix. Herewe briefly introducethepseudo-projection
method(for details,see[17]).

Definition 1 (First instanceof a prefix sequence) Given
aninputsequence� whichcontainsaprefix1-sequence

� � ,
thesubsequencefrom thebeginningof � to thefirst appear-
anceof item

� � in � is called the first instanceof prefix
1-sequence

� � in � . Recursively, we candefinethefirst in-
stanceof a

G 
+v # J -sequence
� � � �F���
� �� ��� ?w � from the first

instanceof the 
 -sequence
� � � �F�
��� �� (where
D^ #

) asthe
subsequencefrom thebeginningof � to thefirst appearance
of item

�  xw � whichalsooccursafterthefirst instanceof the
 -sequence
� � � � ����� �  . For example,thefirst instanceof the

prefixsequence
*[,

in sequence
-.*+*+,�-

is
-.*[*+,

. m
Definition 2 (Projectedsequenceof a prefix sequence)
Given an input sequence� which containsa prefix 
 -
sequence

� � � � ����� �  , the remainingpart of S after we re-
movethefirst instanceof theprefix 
 -sequence

� � � � ����� �  in
S is calledtheprojectedsequencew.r.t. prefix

� � � � ���
� �  in
S. For example,the projectedsequenceof prefix sequence*+,

in sequence
*+,j,�-.*

is
,j-.*

. m
Definition 3 (Projected databaseof a prefix sequence)
Given an input sequencedatabase�FE , , the completeset
of projectedsequencesin �FE , w.r.t. a prefix sequence

� � � �(���
� �� is called the projected databasew.r.t. prefix� � � �(���
� �� in �FE , . For example,the projecteddatabase
of prefix sequence

*+,
in our runningexampleis 	 - ,

-.,
,-

,
,�-.* � . m
After giving the definitionof the projecteddatabasefor

acertainprefix sequence,theideaof pseudo-projectioncan
bedescribedasfollows. Insteadof physicallyconstructing
theprojecteddatabase,weonlyneedto recordasetof point-
ers,onefor eachprojectedsequence,pointingatthestarting
position in the correspondingprojectedsequence.By fol-
lowing thesetof pointers,it is easyto locatethesetof pro-
jectedsequences.And by scanningforwardeachprojected
sequencew.r.t. a prefix �0y andcountthe items(This is the
so-calledForward-extensionstep),we will find the locally
frequentitemsw.r.t. prefix �3y , which canbe usedto grow
prefix � y in orderto get longerfrequentprefix sequences.
For example,if � y = *+, , thesetof its locally frequentitems
is 	 - :4,

,
:2� .
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Fig. 2. Frequentsequenceenumerationalgorithm.

Fig. 2 shows the algorithm to enumeratethe complete
setof frequentsequences,which is similar to the pseudo-
projection-basedPrefixSpanalgorithm. It recursively calls
subroutineFrequent-sequences( � y �FE , , � y , min sup,
FS): For a certainprefix � y , if it is non-empty, output it
(line 4 and 5), scanprojecteddatabase� y �FE , onceto
find the locally frequentitems(line 6), eachfrequentitem
 canbe chosenin lexicographicalorderingto grow �0y to
get a new prefix �  y (line 10), scan �0y �QE , onceagain
to build pseudo-projectiondatabasefor eachnew prefix �  y
(line 11). Furthermore,onecaneasilyfigureout thattheor-
derof thefrequentsequenceenumerationis consistentwith



thedepth-firsttraversalof thefrequentsequencetree.

3.2 The BI-Directional Extensionclosure checking
scheme

The frequentenumerationalgorithmin Fig. 2 canonly
beusedto mine thecompletesetof frequentsequencesin-
steadof the frequentclosedones. Usually upongettinga
new frequentprefix sequence,we needto do patternclo-
sure checking in orderto assurethat it is really closed,i.e.,
it cannotbeabsorbedby oneof its super-sequencewith the
samesupport. Currentlymostof the frequentclosedpat-
tern (both itemsetand sequence)mining algorithms,like
CLOSET[16], CHARM [25], TFP [8] andCloSpan[22],
needto maintainthe setof alreadyminedfrequentclosed
patterns(or just candidates)in memoryanddo (1) subpat-
tern checking, that checksif a newly found patterncanbe
absorbedby an alreadymined frequentclosedpattern(or
candidate);and/or(2)super-patternchecking, whichchecks
whetherthe newly found patterncanabsorbsomealready
minedclosedpatterncandidates.

For aproperlydesignedcloseditemsetminingalgorithm
like CHARM, it only needsto do thesubpatternchecking,
whichis usuallylessexpensivethansuper-patternchecking.
However, a typical frequentclosedsequencemining algo-
rithm usuallyneedsto do bothsubpatternandsuper-pattern
checking.Herewe canuseour runningexampleto explain
it. Let the lexicographicalorderingbe

, $ * $ -
. Upon

gettinga new frequentsequence
*+,�-

:4, anotherfrequent
sequence

,�-
:4 hasalreadybeenmined,which canbeab-

sorbedby
*+,�-

:4. Therefore,we needto do super-pattern
checkingin orderto remove thepreviously minedbut non-
closedfrequentsequences.In addition,whenwe geta new
prefixsequence

-
:4,anotherfrequentsequence

*+,�-
:4 has

alreadybeenmined,which canabsorb
-

:4. As a result,we
alsoneedto do sub-patterncheckingin orderto removethe
newly foundbut non-closedsequence.

It is easyto seethat becausethe above patternclosure
checkingschemeadoptedby thepreviousalgorithmsneeds
to maintainthe alreadyminedfrequentclosedpatterns(or
candidates)in memory, the algorithmslike CloSpanmay
consumemuch memoryand the searchspacefor pattern
closurecheckingwill behugewhenthereexist a largenum-
berof frequentclosedsequences.Somecloseditemsetmin-
ing algorithmssuchasTFP[8] try to save spaceby storing
the closeditemsetcandidatesin a compactprefix itemset-
tree structureand reducethe searchspaceby applying a
two-level hash-index. CloSpanadoptsthe similar tech-
niques,however, becausea prefix sequencetreeis usually
lesscompactthanan itemsettree, it still consumesmuch
memory.

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

sequenceclosurecheckingscheme,called BI-Directional
Extensionchecking. According to the definition of a fre-
quentclosedsequence,if an ] -sequence,� =

� � � � . . . � � , is
non-closed,theremust exist at leastone event,

���
, which

canbe usedto extendsequence� to get a new sequence,� � , which has the samesupport. The sequence� can
be extendedin three ways: (1) � � =

� � � � ���
� � � ��� andH�R0SdTNUQWXG � � J7� HZR3S:TVUFW[G �KJ ; (2) �=
 (
#8$ 
 6 ] ), � � =� � � �(���
� �� ������� ?w ������� � � and

H�R0SdTVUFWXG � � Jl� H�R0SdTNUQWXG �KJ ;
and (3) � � =

����� � � �(���
� � � and
H�R0SdTVUFW+G � � J = H�R3S:TVUFW+G �KJ .

In the first case,event
���

occursafter event
� � , we call���

a forward-extensionevent (or item) and � � a forward-
extensionsequencew.r.t. � . While in the secondand
third cases,event

���
occursbefore event

� � , we call
���

a backward-extensionevent (or item) and � � a backward-
extensionsequencew.r.t. � . After giving theabove defini-
tion, thefollowing theoremwill beevidentaccordingto the
definitionof a frequentclosedsequence.

Theorem1 (BI-Directional Extensionclosurechecking)
If there exists no forward-extensionevent nor backward-
extensionevent w.r.t. a prefix sequence� y , � y mustbe a
closedsequence;otherwise, �0y mustbenon-closed.m

Fromtheorem1 we know thatto judgeif a frequentpre-
fix sequenceis closed,we needto checkwhetherthereis
any forward-extensionevent or backward-extensionevent.
It is relatively easyto find theforward-extensioneventsac-
cordingto thefollowing Lemma.

Lemma 1 (Forward-extensionevent checking) For a pre-
fixsequence� y , its completesetof forward-extensionevents
is equivalentto the setof its locally frequentitemswhose
supportsareequalto �F�D� TVUFW+G �0yVJ .
Proof. Thelocally frequentitemsarefoundbyscanningthe
projecteddatabasew.r.t. � y , which consistsof all the pro-
jectedsequences.Sinceeach eventin a projectedsequence
alwaysoccursaftertheprefixsequence� y , if it occursin ev-
ery projectedsequence, it formsa forward-extensionevent.
Also,anyeventoccurringafter thefirst instanceof �0y must
be included in the projecteddatabase, which meansthe
completesetof forward-extensioneventscan be foundby
scanningtheprojecteddatabasew.r.t. �0y . m
Definition 4 (Last instanceof a prefix sequence) Given
an input sequence� which containsa prefix 
 -sequence� � � � ���
� �  , the last instance of the prefix sequence� � � � ���
� �  in � is thesubsequencefrom thebeginningof �
to thelastappearanceof item

�� 
in S.For example,thelast

instanceof the prefix sequence
*+,

in sequence
*+,�,j-.*

is
*+,�,

. m
Definition 5 (The 
 -th last-in-lastappearancew.r.t. a pre-
fix sequence) For an input sequence� containinga prefix



] -sequence,� y = � � � �(�
��� � � , the 
 -th last-in-lastappearance
w.r.t. the prefix � y in � is denotedas uQu  anddefinedre-
cursively as: (1) if 
j��] , it is the lastappearanceof

�  
in

thelastinstanceof theprefix �0y in � ; (2) if
#�$ 
 6 ] , it is

thelastappearanceof
�  

in thelastinstanceof theprefix �3y
in � while uQu  mustappearbefore uKu  ?w � . For example,
if � =

-.*+*[,j-
and �0y = *+, , the1st last-in-lastappearance

w.r.t. prefix � y in � is thesecond
*

in � . m
Definition 6 (The 
 -th maximum period of a prefix se-
quence) For an input sequence� containinga prefix ] -
sequence� y = � � � �Q����� � � , the 
 -th maximumperiodof the
prefix � y in � is definedas: (1) if

# 6 
 $ ] , it is the
pieceof sequencebetweenthe endof the first instanceof
prefix

� � � �F�
��� �� �� � in � andthe 
 -th last-in-lastappearance
w.r.t. prefix � y ; (2) if 
 � #

, it is the pieceof sequencein� locatingbeforethe 1st last-in-lastappearancew.r.t. pre-
fix � y . For example,if � =

*[,j-.,
andtheprefix sequence�0y = *+, , the2ndmaximumperiodof prefix �0y in � is

,j-
,

while the1stmaximumperiodof prefix �3y in � is ¡ . m
Lemma 2 (Backward-extensionevent checking) Let the
prefix sequencebe a ] -sequence, �0y = � � � � �
��� � � . If �=

(
#¢$ 
 $ ] ) and there existsan item

���
which appears in

each of the 
 -th maximumperiodsof theprefix �0y in �QE , ,���
is a backward-extensionevent(or item) w.r.t. prefix �0y .

Otherwise, for any 
 (
#£$ 
 $ ] ), if we cannotfind any

itemwhich appears in each of the 
 -th maximumperiodsof
theprefix � y in �FE , , there will beno backward-extension
eventw.r.t. prefix � y .
Proof. Fromthedefinitionof the 
 -th maximumperiodof a
prefix sequence, we knowif item

���
appears in each of the
 -th maximumperiodsof theprefixsequence�0y , wecanget

a new sequence� �y = � � � � �
��� �  �� � �����  ���
� � � (
# 6 
 $ ] )

or � �y = ���¤� � � � �
��� � � (
¥� #
), which satisfies� �y§¦ �0y andHZR3S:TVUFW+G � �y J(� HZR3S:TVUFW+G �0yNJ . Therefore,

���
is a backward-

extensionitemw.r.t. prefix � y and � y is notclosed.
In addition, assume there exists a sequence � �y

=
� � � � � �F�
��� � � (for 
¨� #

) or � �y =
� � � �Q����� �� �� � � � �� �
��� � �

(for
# 6 
 $ ] ), which can absorb � y , that is, item

���
is

a backward-extensionitemw.r.t. � y . In each sequencecon-
taining � y , item

���
mustappearafter the first instanceof

prefix
� � � �F�
��� �� �� � (for

# 6 
 $ ] ) and before the 
 -th
last-in-lastappearancew.r.t. � y , which meansitem

���
must

appearin the 
 -th maximumperiod of �3y . As a result,for
any 
 (

#©$ 
 $ ] ), if we cannotfind any item which ap-
pears in each of the 
 -th maximumperiodsof theprefix �3y
in �QE , , there will be no backward-extensioneventw.r.t.
prefix �0y . m

We use an example to illustrate the sequenceclosure
checkingschemein BIDE. First, we assume�0y = *[- :4, it
is easyto find that item

,
appearsin eachof the2ndmax-

imum periodsof � y . As a result
*+-

:4 is not closed. In

contrast,let � y = *[,j- :4, we cannotfind any backward-
extensionitem for it. Also thereis no forward-extension
itemfor it, therefore

*+,j-
:4 is a frequentclosedsequence.

3.3 The BackScansearch spacepruning method

Upon finding a new frequentsequenceby the frequent
sequenceenumerationalgorithm,we canusetheabove BI-
DirectionalExtensionclosurecheckingschemeto checkif
it is closedin order to generatethe completeset of non-
redundantfrequentsequences.Althoughtheclosurecheck-
ing schemecanleadto morecompactresultset, it cannot
improve themining efficiency. As Fig. 1 shows the whole
subtreeundernode‘

,
:4’ containsno frequentclosedse-

quences,which meansthereis no hopeto grow prefix
,

:4
to generateany frequentclosedsequences.If wecandetect
suchunpromisingprefixsequencesandstopgrowing them,
thesearchspacewill bereduced.

Searchspacepruningin frequentclosedsequencemin-
ing is trickier thanthat in frequentcloseditemsetmining.
Usually a depth-firstsearchbasedcloseditemsetmining
algorithmlike CLOSETcanstopgrowing a prefix itemset
onceit findsthatthis itemsetcanbeabsorbedby analready
minedcloseditemset.However, a closedsequencemining
algorithmcannotdo so. For example,assumethe lexico-
graphicalorderingin our runningexampleis

* $ , $ -
,

and the currentprefix sequenceis
-

:4, which can be ab-
sorbedby analreadyminedsequence

*+,�-
:4, but we can-

notstopgrowing
-

:4. As Fig.1 shows,wecanstill generate
threefrequentclosedsequences(i.e.,

-.*
:3,
-.*[,j-

:2, and-.,
:3) by growing prefix

-
:4. This complicatedsituation

is causedby the multiple instancesof the sameitem in a
sequenceandthe temporalorderingamongtheeventsin a
sequence.

Definition 7 (The 
 -th last-in-first appearancew.r.t. a pre-
fix sequence) For an input sequence� containinga prefix] -sequence� y = � � � �F���
� � � , the 
 -th last-in-firstappearance
w.r.t. the prefix �3y in � is denotedas uQª  anddefinedre-
cursively as: (1) if 
«�¬] , it is the lastappearanceof

�  
in

thefirst instanceof theprefix �0y in � ; (2) if
#e$ 
 6 ] , it

is thelastappearanceof
�  

in thefirst instanceof theprefix�0y in � while uQª  mustappearbeforeuQª  xw � . For example,
if � =

-.*+*[,j-
and � y = -.* , the2ndlast-in-firstappearance

w.r.t. prefix � y in � is thefirst
*

in � . m
Definition 8 (The 
 -th semi-maximumperiod of a prefix
sequence) For an input sequence� containinga prefix ] -
sequence�0y = � � � � ����� � � , the 
 -th semi-maximumperiod
of theprefix �0y in � is definedas:(1) if

# 6 
 $ ] , it is the
pieceof sequencebetweenthe endof the first instanceof
prefix

� � � �F�
��� �� �� � in � andthe 
 -th last-in-firstappearance
w.r.t. prefix � y ; (2) if 
e� #

, it is the pieceof sequencein



� locatingbeforethe 1st last-in-firstappearancew.r.t. pre-
fix � y . For example,if � =

*[,j-.,
andtheprefix sequence�0y = *+- , the2ndsemi-maximumperiodof prefix

*[-
in �

is
,

, while the 1st semi-maximumperiodof prefix
*+-

in� is ¡ . m
Theorem2 (BackScansearch spacepruning) Let thepre-
fix sequencebean ] -sequence, � y = � � � �F�
��� � � . If �h
 (

#§$

 $ ] ) andthere existsan item

���
which appears in each of

the
 -th semi-maximumperiodsof theprefix �0y in �FE , , we
cansafelystopgrowingprefix �3y .
Proof. Becauseitem

���
appears in each of the 
 -th semi-

maximumperiods of the prefix � y in �QE , , we can get
a new prefix � �y = � � � �F���
� �� ¤� � ���B�� ����� � � (

# 6 
 $ ] )
or � �y = � � � � � �Q����� � � (
­� #

), and both ( � y b®� �y ) and
(
H�R3S TVUFW G � y J¯� H�R0S TVUFW G � �y J ) hold. Any locally fre-

quentitem
��� �

w.r.t. prefix �0y is alsoa locally frequentitem
w.r.t. � �y , in the meantime(

� �0y , ��� �X� b � � �y , ��� �X� ) and
(
H�R3S:TVUFWXGZ� �0y°� ��� ��� J =

H�R3S:TVUFWXGZ� � �y � ��� �<� J ) hold. Thismeans
thereis nohopeto minefrequentclosedsequenceswith pre-
fix �3y . m

For example,if prefixsequence� y = , :4, thereis anitem*
which appearsin eachof the 1st semi-maximumperiod

of prefix �0y in �FE , , we cansafelystopmining frequent
closedsequenceswith prefix

,
:4. In contrast,if �0y = - :4,

we cannotfind any item which appearsin eachof the 1st
semi-maximumperiodsof prefix �0y in �FE , . As a result,
wecannotstopgrowing

-
:4.

Comparedwith somepruning methodsusedin previ-
ously developedalgorithms[16, 25, 22], which arebased
ontherelationshipsamongthenewly foundfrequentpattern
andsomealreadyminedclosedpatterns(or justcandidates),
theBackScanpruningmethodis moreaggressive andthus
moreeffective. Consideranotherpossiblelexicographical
orderingin ourrunningexample

, $ * $ -
, whichmeans

we first mine theclosedsequenceswith prefix
,

. Accord-
ing to Theorem2, wecansafelypruneprefix

,
anddirectly

mine frequentclosedsequenceswith prefix
*

. However,
becausethereare no other alreadymined frequentclosed
sequences(or candidates)for checking,algorithmsbased
on the candidate-maintenance-and-testparadigmwill still
try to use

,
asa prefix to grow frequentclosedsequences.

3.4 The ScanSkipoptimization technique

Theaboveclosurecheckingschemeneedsto scanback-
ward a setof maximum-periodsw.r.t. a certainprefix, this
is oneof the mostexpensive operationsin BIDE. Assume
the currentprefix sequenceis �3y = � � � � ���
� � � with a sup-
port �F�D� T�± . For any 
 (

#e$ 
 $ ] ), let 	@²"�  � , ²"�  � , . . . ,²"�  TV³�´0µ ± � bethe �F�D� T�± 
 -th maximumperiodsw.r.t. �0y .
By scanningthe ¶ -th 
 -th (

#.$ 
 $ ] ) maximumperiodwe

canget a setof uniqueitems,denotedas �·�  ¸ . The setof
itemswhich appearsin eachof the 
 -th maximumperiods
w.r.t. �0y equals�·�  �Q¹ ���  �.¹ . . . ¹ �·�  TV³�´ µ ± andis denoted
as ¹ TVº�» .

In thesequenceclosurecheckingscheme,we only care
aboutwhether ¹ TNº » is emptyor not. If we find that after
we scanthe first

& 
 -th maximumperiods,the intersec-
tion of the setof itemswhich appearsin eachof the first& 
 -th maximumperiodshasbecomeempty, we will do
not needto scanthe left ( �F�D� T ± -& ) 
 -th maximumperi-
ods, becausewe alreadyknow ¹ TVº » must be empty. We
call this optimizationtheScanSkiptechnique.Similarly, in
theBackScansearchspacepruningmethod,BIDE needsto
scanbackwarda numberof semi-maximumperiodsw.r.t. a
prefix sequence.The ScanSkiptechniquecanalsobeused
to speedup theBackScansearchspacepruning.

Here we usean exampleto illustrate the usefulnessof
theScanskipoptimizationtechnique.In our runningexam-
pleshown in Table1, assumethecurrentprefix sequenceis*+,�-

:4. Thesetof the3rdmaximumperiodsw.r.t.
*+,j-

:4
is 	�¡ , ¡ , ¡ ,

, � , afterscanningthefirst 3rd maximumpe-
riod wefind thatit containsnoitem,weknow thattherewill
beno item whichappearsin eachof thefour 3rd maximum
periodsw.r.t. prefix

*[,j-
:4 without scanningthelast three

3rd maximumperiods.The setof the 2ndmaximumperi-
odsw.r.t.

*[,j-
:4 is 	 * , ¡ , ¡ ,

, � , afterscanningthefirst
two 2ndmaximumperiods,wealreadyknow thattherewill
beno itemwhichappearsin eachof thefour 2ndmaximum
periodsw.r.t. prefix

*+,�-
:4. Similarly, The setof the 1st

maximumperiodsw.r.t.
*[,j-

:4 is 	 -.* , ¡ ,
-

, ¡.� , wecan
skip thescanningof thelasttwo 1stmaximumperiodsw.r.t.*+,�-

:4.

3.5 The BIDE algorithm

Fig. 3 shows the BIDE algorithm. It first scansthe
databaseonce to find the frequent1-sequences(line 2),
builds pseudo projected databasefor each frequent 1-
sequence(line 3 and 4), treatseachfrequent1-sequence
as a prefix and usesBackScanpruning methodto check
if it can be pruned(line 6), if not, computesthe number
of backward-extension-items(line 7), andcalls subroutine
bide(� y �FE , , � y , min sup,BEI,FCS)(line 8). Subroutine
bide(� y �FE , , � y , min sup, BEI, FCS) recursively calls
itself and works as follows: For prefix � y , scanits pro-
jecteddatabase� y �QE , onceto find its locally frequent
items(line 10), computethenumberof forward-extension-
items(line 11), if thereis no backward-extension-itemnor
forward-extension-item, output �0y asa frequentclosedse-
quence(line 12and13),grow �0y with eachlocally frequent
itemin lexicographicalorderingto getanew prefix(line 15)
and build the pseudoprojecteddatabasefor the new pre-
fix (line 16), for eachnew prefix, first checkif it can be



pruned(line 18), if not, computethenumberof backward-
extension-items(line 19) andcall itself (line 20). We need
to pointout thatbothsubroutinesBackScan()andbackward
extensioncheck() usethe ScanSkiptechniqueto speedup
theminingprocess.
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Fig. 3. BIDE algorithm.

3.6 Further discussions

Unlike mostof thepreviousclosedpatternmining algo-
rithms, BIDE can prunesearchspaceandcheckif a pat-
tern is closedwithout maintenanceof any alreadymined
patterns(or just candidates),it is very spaceefficient and
its worst casememoryusagecan be calculatedeven be-
forethemining. Assumetheinputsequencedatabase�QE ,
contains

H ] R & input sequences(i.e., L?�FE , L = H ] R & )
and totally 
 ] R & distinct items, on average each se-
quencecontains1�äNå ) events,thelongestsequencecontains& 1
æ ) events. The worst casememoryusagein BIDE isç GZG�H ] R & � 1
äNå )<Jèv G & 1
æ ) � H ] R & � G k � & 1�æ )�J�JévG & 1�æ ) � 
 ] R & JZJ . G�H ] R & � 1
äNå )<J representsthe input
sequencedatabase.

G & 1�æ ) � H ] R & � G k � & 1
æ )<JZJ repre-

sentstheworstcaseof spaceusagefor building pseudopro-
jecteddatabases:the longestfrequentclosedsequencehas
a lengthno greaterthan

& 1
æ ) , which meansthereareat
most

& 1
æ ) pseudoprojecteddatabaseswhichcanco-exist
atacertaintime,andeachpseudoprojecteddatabasecorre-
spondsto a prefix with a lengthno greaterthan

& 1
æ ) and
asupportnogreaterthan

H ] R & , givenaprefixin any input
sequence,we needto recordat most

G k � & 1
æ )<J positions
in order to locateall the last-in-lastmaximumperiods(In
our implementation,we only needto record

G & 1�æ )Yv # J
positions).

G & 1�æ ) � 
 ] R & J representsthe upperbound
spacecostin computingthebackward-extensionevents.

The above BIDE algorithm can only mine frequent
closedsequencesof single items, but it is rathereasyto
extend it to mine frequentclosedsequencesof subsetsof
items, that is, eachevent may containa setof un-ordered
items. As [4] hasshown therearetwo kindsof extensions
to grow acertainprefixsequence:sequence-extensions(ab-
breviatedS-extension)anditemset-extensions(abbreviated
I-extension). A sequenceextensionw.r.t. a prefix is gen-
eratedby addinga new event consistingof a single item
to the prefix sequence,while an itemsetextensionw.r.t. a
prefix is a sequencegeneratedby addingan item to any
one event of the prefix sequence.To revise the frequent
sequenceenumerationalgorithmshown in Fig. 2 in order
to mine frequentsequencesof subsetsof 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 whether there exists any S-extension item or I-
extensionitem which has the samesupportas the prefix
sequence.The BI-DirectionalExtensionclosurechecking
schemedescribedin section3.2 and the BackScanprun-
ing methodhave shown how to computethe backward(or
forward)S-extensionitemsfrom themaximumperiods(or
semi-maximumperiods),while it is a relatively straightfor-
wardprocessto extendit to computethebackward(or for-
ward)I-extensionitemsunderthesameframework. Dueto
limited space,wewill leave it to theinterestedreaders.

4 Performanceevaluation

In this section,we will presentour thoroughexperimen-
tal resultsin order to testify the following claims: (1) A
properly designedfrequentclosedsequencemining algo-
rithm like BIDE or CloSpancan significantly outperform
two efficientfrequentsequenceminingalgorithms,PrefixS-
pan and SPADE when the support thresholdis low; (2)
BIDE consumesmuch lessmemoryand can be an order
of magnitudefasterthanCloSpan;(3) BIDE haslinearscal-
ability in termsof basesize;and(4) TheBackScanpruning
methodandtheScanSkiptechniqueareveryeffectivein en-
hancingtheperformance.



4.1 Testenvir onmentand datasets

All of our experimentswere performed on an IBM
ThinkPadR31with 384MBmemoryandWindowsXP pro-
fessionalinstalled. In theexperimentswe comparedBIDE
with two frequentsequencemining algorithms,PrefixSpan
andSPADE, andonefrequentclosedsequenceminingalgo-
rithm, CloSpan.Thesourcecodesof SPADE andPrefixS-
panandthe executablecodeof CloSpanwereprovidedby
their correspondingauthors,respectively. We ran the four
algorithmson thesameCygwin environmentwith theout-
put turnedoff.

Becausethesyntheticdatasetshave far differentcharac-
teristicsfrom the real-world ones,in our experimentswe
only usedsomereal datasetsto do the tests. However, we
cautiouslychosetheserealdatasetswhichcancoverarange
of distribution characteristics:sparse,a little dense,and
verydense.

Thefirst dataset,Gazelle, is very sparse,but it contains
somevery long frequentclosedsequenceswith low sup-
portthreshold.Thisdatasetwasoriginally providedby Blue
Martini company andhasbeenusedin evaluatingbothfre-
quent itemsetmining algorithms[25, 8] and frequentse-
quencemining algorithms[22]. It containstotally 29369
customers’Webclick-streamdata.For eachcustomerthere
is a correspondingseriesof pageviews, andwe treateach
pageview as an event. This datasetcontains29369 se-
quences(i.e., customers),87546events(i.e., pageviews),
and1423distinct items(i.e.,webpages).More detailedin-
formationaboutthis datasetcanbefoundin [11].

Theseconddataset,Snake, is a little denseandcangen-
eratea lot of frequentclosedsequenceswith amediumsup-
port thresholdlike 60%. It is a bio-datasetwhich contains
totally 175 Toxin-Snake proteinsequencesand20 unique
items. This Toxin-Snake datasetis abouta family of eu-
karyoticandviral DNA bindingproteinsandhasbeenused
in evaluatingpatterndiscovery task[10].

We alsofind averydensedataset,Pi, from whichahuge
numberof frequentclosedsequencescan be mined even
with averyhighsupportthresholdlike90%.Thisdatasetis
alsoabio-datasetwhichcontains190proteinsequencesand
21 distinct items.This datasethasever beenusedto assess
the reliability of functionalinheritance[3]. Thecharacter-
isticsof thesedatasetsareshown in Table2.

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

Gazelle 29369 1423 3 651
Snake 175 20 67 121

Pi 190 21 258 757

Table 2. Dataset Characteristics.

4.2 Experimental results

Closedvs. all fr equentsequencemining. Previousstudy
[22] hasshown that a properlydesignedclosedsequential
patternmining algorithmlike CloSpancanoutperforman
efficient sequentialpatternmining algorithm, PrefixSpan,
by morethananorderof magnitude.As a result,it will be
unfair to compareBIDE with someall-frequent-sequence
miningalgorithms.Herewe only useonedatasetto show a
previously un-revealedfact: with a high supportthreshold,
awell-designedclosedsequenceminingalgorithmmaylose
to someall-frequent-sequenceminingalgorithms.Laterwe
will focuson thecomparisonof BIDE with CloSpan.
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PrefixSpan(Gazelledataset,

memory).

Fig. 4 andFig. 5 depict the comparisonresultsamong
SPADE, PrefixSpan, CloSpan and BIDE for dataset
Gazelle. From Fig. 4 we can seethat when the support
is greaterthan0.03%,both PrefixSpanandSpadeoutper-
form CloSpanand BIDE, but oncewe continueto lower
the supportthreshold(e.g., to 0.02%), the two closedse-
quenceminingalgorithmswill outperforma lot thetwo all-
frequent-sequencemining algorithmsdueto thegeneration
of an explosive numberof frequentsequencesfor the lat-
ter. It alsoshows that BIDE alwaysoutperformsCloSpan
with varyingsupportthreshold.FromFig. 5 we know that
both PrefixSpanandBIDE usea ratherstablesizedmem-
ory, whichcanbemorethananorderof magnitudelessthan
thoseusedby SPADE andCloSpan.

BIDE vs. CloSpan.Wefirst comparedBIDE with CloSpan
using the Gazelledataset. Fig. 6 depictsthe distribution
of the numberof frequentclosedsequencesagainstthe
lengthof thefrequentclosedsequencesfor supportthresh-
oldsvaryingfrom 0.02%to 0.01%.FromFig. 6 we cansee
thatmany long closedsequencescanbediscoveredfor this
sparsedataset.For example,at support0.01%,the longest
frequentclosedsequencehasa length127. Fig. 7 andFig.
8 demonstratethe runtimeandmemoryusagecomparison
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betweenBIDE andCloSpan.WecanseeBIDE alwaysruns
muchfasterthanCloSpanbut consumesmuchlessmemory.
For example,at support0.01%,BIDE canbemorethanan
orderof magnitudefasterthanCloSpan,while it only uses
overanorderof magnitudelessmemory.
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Fig. 9 depictsthedistribution of thenumberof frequent
closedsequencesagainstthe lengthof the frequentclosed
sequencesfor datasetSnake. We canseeit is a little dense
dataset:A lot of closedsequenceswith a mediumlength
from 6 to 12 can be mined with somenot very low sup-
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Snake(runtime).

1

10

100

5055606570

M
e

m
o

ry
 i
n

 M
B

s

ë

Support threshold (in %)

CloSpan
BIDE

Fig. 11. Dataset
Snake(memory).

port thresholdsfrom 50% to 70%. Fig. 10 shows that at
ahighsupportthreshold,BIDE is severaltimesslower than
CloSpan,but oncethesupportis nogreaterthan60%,BIDE
will significantlyoutperformCloSpan.For example,atsup-
port 50%, BIDE is about 40 times fasterthan CloSpan.
From Fig. 11 we can seeBIDE usesmore than 2 orders
of magnitudelessmemorythanCloSpanin almostall the
cases.Although this datasetonly contains175 sequences,
which is rathersmall, however, becauseCloSpanneedsto
keeptrack of the alreadymined frequentclosedsequence
candidates,it canconsumemorethan300MBmemory. For
example,atsupport50%,BIDE only usesabout2MB mem-
ory, while CloSpanusesabout328MBmemory.
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Fig. 12. DatasetPi(distribution).

Wealsousetheverydensedataset,Pi, to compareBIDE
with CloSpan. From Fig. 12 we canseethat even with a
very high supportlike 90%,therecanbea largenumberof
shortfrequentclosedsequenceswith a lengthlessthan10.
Fig. 13 shows that with a supporthigher than90%, these
two algorithmshave very similar performance,CloSpanis
only a little fasterthan BIDE, but oncethe supportis no
greaterthan88%,BIDE will outperformCloSpana lot. For
example,at support88%,BIDE is morethan6 timesfaster
thanCloSpan. From Fig. 14 we know BIDE alwaysuses
muchlessmemorythanCloSpan.At support88%, BIDE
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consumesover 2 ordersof magnitudeless memory than
CloSpan.

Scalability test. We testedBIDE’s scalabilityin both run-
timeandmemoryusageusingall thethreedatasetsin terms
of thebasesize.In Fig. 15andFig. 16,wefixedthesupport
thresholdat a certainconstantfor eachdatasetand repli-
catedthe sequencesfrom 2 to 16 times. Although these3
datasetshave ratherdifferentfeatures,BIDE showsa linear
scalability in both the runtimeandmemoryusageagainst
the increasingnumberof sequencesfor thesedatasets.For
example,for datasetSnake with a given support60%, its
runtimeincreasesfrom 807secondsto 11906secondsand
its memoryusageincreasesfrom 1.883MB to 21.784MB
whenthenumberof sequencesincreases16 times.
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Effectivenessof the optimization techniques.Fig.17tests
theeffectivenessof theBackScanpruningmethod.We can
seethat the BackScanpruningmethodis very effective in
pruningsearchspaceandspeedingup the mining process:
for gazelledatasetwith supportthresholdat 0.02%,it can
giveseveralordersof magnitudeenhancementto theperfor-
mance.Theeffectivenessof theBackScanpruningmethod
assuresthatBIDE which is only basedon this singleprun-
ing methodcansignificantlyoutperformin mostcasesthe
CloSpanalgorithmwhich adoptsseveralpruningmethods.

Fig. 18 shows the effectivenessof the ScanSkipopti-
mization techniquefor Snake dataset. This techniqueal-
waysmakesBIDE run fasterwith varying supportthresh-
olds. All theabove performanceresultsfor BIDE useboth
theBackScanpruningmethodandtheScanSkiptechnique.
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5 Conclusions

Many studieshave elaboratedthat closedpatternmin-
ing hasthe sameexpressive power as that of all frequent
patternminingyet leadsto morecompactresultsetandsig-
nificantly betterefficiency. Our study showed that this is
usually true when the numberof frequentpatternsis pro-
hibitivelyhuge,in whichcasethenumberof frequentclosed
patternsis alsolikely very large.Unfortunately, mostof the
previouslydevelopedclosedpatternminingalgorithmsrely
on the historicalsetof frequentclosedpatterns(or candi-
dates)to checkif a newly found frequentpatternis closed
or if it caninvalidatesomealreadyminedclosedcandidates.
Becausethe setof alreadyminedfrequentclosedpatterns
keepsgrowing during the mining process,not only will it
consumemorememory, but alsoleadto inefficiency dueto
thegrowing searchspacefor patternclosurechecking.

In this paper, we proposedBIDE, a novel algorithmfor
mining frequentclosedsequences.It avoids the curseof
the candidatemaintenance-and-testparadigm,prunesthe
searchspacemore deeplyand checksthe patternclosure
in a moreefficient way while consumingmuchlessmem-
ory in contrastto the previously developedclosedpattern
mining algorithms. It doesnot needto maintainthe setof
historicclosedpatterns,thusit scalesverywell in thenum-
berof frequentclosedpatterns.BIDE adoptsa strict depth-
first searchorder and can output the frequentclosedpat-
ternsin anonlinefashion.An extensive setof experiments
on several real datasetswith differentdistribution features
haveshown theeffectivenessof thealgorithmdesign:BIDE
consumesorder(s)of magnitudelessmemorywhile canbe



over an orderof magnitudefasterthan the CloSpanalgo-
rithm. It alsohaslinearscalabilityin termsof the number
of sequencesin thedatabase.Many studieshaveshown that
constraintsareessentialfor many sequentialpatternmining
applications. In the future, we plan to studyhow to push
constraints(like gapconstraint)into BIDE in orderto mine
morecompactandspecificresultset.
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