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Abstract

In this paperwe consider the problem of the incrementalmining of sequential patterns
when new transactions or new customersare added to an original database.We present
a new algorithm for mining frequent sequencesthat usesinformationcollectedduring an
earlier mining processto cut down the cost of finding new sequential patterns in the up-
dateddatabase.Our test shows that the algorithm performs significantly faster than the
naive approachof mining on thewholeupdateddatabasefrom scratch. Thedifferenceis so
pronounced thatthis algorithmcouldalsobeuseful for mining sequential patterns,sincein
many casesit is fasterto applyour algorithmthanto minesequential patternsusing a stan-
dardalgorithm, by breaking down thedatabaseinto anoriginal databaseplusanincrement.

Key words: Sequential patterns,incremental mining,datamining

1 Introduction

Mostresearchinto datamininghasconcentratedontheproblemof miningassocia-
tion rules[1–8].Althoughsequentialpatternsareof greatpracticalimportance(e.g.
alarmsin telecommunicationsnetworks,identifyingplanfailures,analysisof Web
accessdatabases,etc.)they have receivedrelatively littl e attention[9–11].First in-
troducedin [9], wherean efficient algorithmcalledAprioriAl l wasproposed,the
problemof miningsequentialpatternsis todiscovertemporalrelationshipsbetween
factsembeddedin thedatabase.Thefactsunderconsiderationaresimply thechar-
acteristicsof individuals,or observationsof individualbehavior. For example,in a
videodatabase,asequentialpatterncouldbe“95% of customersbought’StarWars
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andTheEmpireStrikesBack’, then’Return of theJedi’, andthen’The Phantom
Menace’”. In [10], thedefinitionof theproblemis extendedby handlingtimecon-
straintsandtaxonomies(is-a hierarchies)anda new algorithm,calledGSP, which
outperformedAprioriAll by up to 20 times,is proposed.

As databasesevolve theproblemof maintaining sequentialpatternsover a signifi-
cantlylong periodof time becomesessential,sincea largenumberof new records
maybeaddedto adatabase.To reflectthecurrentstateof thedatabasewhereprevi-
oussequentialpatternswouldbecomeirrelevantandnew sequentialpatternsmight
appear, thereis a needfor efficient algorithmsto update,maintainandmanagethe
informationdiscovered[12]. Severalefficient algorithms for maintaining associa-
tion ruleshave beendeveloped[12–15].Nevertheless,theproblemof maintaining
sequentialpatternsis muchmorecomplicatedthanmaintaining associationrules,
sincetransactioncuttingandsequencepermutationhave to be taken into account
[16]. In order to illustrate the problem,let us consideran original andan incre-
mentaldatabase.Then,to compute thesetof sequentialpatternsembeddedin the
updateddatabase,we have to discover all sequentialpatternswhich werenot fre-
quentin the original databasebut becomefrequentwith the increment.We also
have to examine all transactionsin the original databasethat canbe extendedto
becomefrequent.Furthermore,old frequentsequencesmaybecomeinvalid when
anew customeris added.Thechallengeis thusto discoverall thefrequentpatterns
in theupdateddatabasewith fargreaterefficiency thanthenaivemethodof mining
sequentialpatternsfrom scratch.

In this paper, we proposeanefficient algorithm,calledISE (IncrementalSequence
Extraction),for computing the frequentsequencesin the updateddatabasewhen
new transactionsandnew customersareaddedto the original database.ISE min-
imizescomputationalcostsby re-usingtheminimal informationfrom theold fre-
quentsequences,i.e. the supportof frequentsequences.The mainnew featureof
ISE is that the set of candidatesequencesto be testedis substantially reduced.
Furthermore,someoptimization techniquesfor improving the approachare also
provided.
Empiricalevaluationswerecarriedoutto analyzetheperformanceof ISE andcom-
pareit againstcaseswhereGSPis appliedto the updateddatabasefrom scratch.
Experimentsshowed that ISE significantly outperformsthe GSPalgorithmby a
factorof 4 to 6. Indeedthedifferenceis sopronouncedthatour algorithmmaybe
usefulfor miningsequentialpatternsaswell asincrementalmining, sincein many
cases,insteadof mining the databasewith the GSPalgorithm,it is fasterto ex-
tractanincrementfrom thedatabase,thenapplyour approachconsideringthatthe
databaseis broken down into an original databaseplus an increment.Our exper-
imentalresultsshow an improvementin performanceby a factorof 2 to 5 in the
comparison.
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The restof this paperis organizedas follows. Section2, statesthe problemand
describesrelatedresearch.ThealgorithmISE is describedin Section3. Section4
describestheexperimentsin detailandinterpretstheperformanceresultsobtained
. Finally, Section5 concludesthepaperwith futureavenuesfor research.

2 Statement of the Problem

In thissectionwe give theformaldefinitionof theproblemof incrementalsequen-
tial patternmining.First,we formulatetheconceptof sequenceminingsummariz-
ing the formal descriptionof theproblemintroducedin [9] andextendedin [10].
A brief overview of the GSPalgorithmis alsoprovided.Secondwe examinethe
incrementalupdateproblemin detail.

2.1 Mining of SequentialPatterns

Let DB be a set of customertransactionswhereeachtransactionT consistsof
customer-id, transactiontimeandasetof itemsinvolved in thetransaction.
Let I � �

i1 � i2 ��������� im � beasetof literalscalleditems. An itemset is anon-emptyset
of items.A sequences is a setof itemsetsorderedaccordingto their time stamp.
It is denotedby 	 s1s2 ����� sn 
 , wheresj , j � 1 ��� n, is an itemset. A k-sequenceis a
sequenceof k items(or of lengthk). For example,let usconsiderthata given cus-
tomerpurchaseditems1 � 2 � 3� 4 � 5, accordingto the following sequence:s � 	� 1)
(2, 3) (4) (5) 
 . This meansthatapartfrom 2 and3 thatwerepurchasedtogether,
i.e. duringa commontransaction,itemsin thesequencewereboughtseparately. s
is a 5-sequence.
A sequence	 s1s2 ����� sn 
 is a sub-sequenceof anothersequence	 s�1s�2 ����� s�m 
 if
thereexist integersi1 	 i2 	 ����� i j ����� 	 in suchthats1 � s�i1 � s2 � s�i2 ��������� sn � s�in. For
example,thesequences� = 	 (2) (5) 
 is a sub-sequenceof s because(2) � (2, 3)
and(5) � (5). However 	 (2) (3) 
 is notasub-sequenceof ssinceitemswerenot
boughtduringthesametransaction.

Property 1 If A � B for sequencesA,B thensupp � A��� supp � B� becauseall trans-
actionsin DB thatsupportB necessarilyalsosupportA.

All transactionsfrom thesamecustomeraregroupedtogetherandsortedin increas-
ing orderandarecalleda datasequence. A supportvalue(supp(s)) for a sequence
givesits numberof actualoccurrencesin DB. Nevertheless,a sequencein a data
sequenceis taken into accountonly onceto computethe supporteven if several
occurrencesarediscovered.In otherwords,thesupportof a sequenceis definedas
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thefractionof totaldistinctdatasequencesthatcontains. A datasequencecontains
asequences if s is asub-sequenceof thedatasequence.In orderto decidewhether
a sequenceis frequentor not, a minimum supportvalue(minSupp) is specifiedby
theuser, andthesequenceis saidto befrequentif theconditionsupp � s��� minSupp
holds.

Givenadatabaseof customertransactionstheproblemof sequentialpatternmining
is to find all thesequenceswhosesupportis greaterthanaspecifiedthreshold(min-
imumsupport).Eachof theserepresentsasequentialpattern, alsocalleda frequent
sequence.

Thetaskof discovering all thefrequentsequencesin largedatabasesis quitechal-
lengingsincethe searchspaceis extremelylarge (e.g.with m attributesthereare
O � mk � potentiallyfrequentsequencesof lengthk) [11]. To thebestof our knowl-
edge,the problemof mining sequentialpatternsaccordingto the previousdefini-
tionshasreceivedrelatively littl e attention.
Weshallnow briefly review theGSPalgorithm.For buildingupcandidateandfre-
quentsequences,theGSPalgorithmmakesmultiple passesover thedatabase.The
first stepaimsatcomputingthesupportof eachitemin thedatabase.Whenthisstep
hasbeencompleted,thefrequentitems(i.e.thosethatsatisfytheminimumsupport)
havebeendiscovered.They areconsideredasfrequent1-sequences(sequenceshav-
ing asingleitemset,itself asingleton). Thesetof candidate2-sequencesis built up
accordingto the following assumption: candidate2-sequencescould be any cou-
ple of frequentitems,whetherembeddedin thesametransactionor not. Frequent
2-sequencesaredeterminedby countingthesupport.Fromthis point,candidatek-
sequencesaregeneratedfrom frequent(k-1)-sequencesobtainedin pass-(k-1). The
mainideaof candidategenerationis to retrieve,from among(k-1)-sequences,pairs
of sequences(s, s� ) suchthatdiscardingthefirst elementof theformerandthelast
elementof the latter resultsin two fully matchingsequences.Whensucha condi-
tion holdsfor a pair (s, s� ), a new candidatesequenceis built by appendingthelast
itemof s� to s. Thesupportsfor thesecandidatesarethencomputedandthosewith
minimum supportbecomefrequentsequences.Theprocessiteratesuntil no more
candidatesequencesareformed.

2.2 IncrementalMining onDiscoveredSequentialPatterns

Let DB betheoriginaldatabaseandminSupp theminimum support.Let db bethe
incrementdatabasewherenew transactionsor new customersareaddedto DB. We
assumethateachtransactionondb hasbeensortedby customer-id andtransaction
time.U � DB � db is theupdateddatabasecontainingall sequencesfrom DB and
db.
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Cust-Id Itemsets

C1 ������� ��� ������� Itemsets

C2 ������� ���  !� 506070 80100

C3 �������  !� ��� 5060 8090

C4 "�� #��
(DB) (db)

Fig. 1. An original database(DB) andanincrementdatabasewith new transactions(db)

Let LDB bethesetof frequentsequencesin DB. Theproblemof incrementalmin-
ing of sequentialpatternsis to find frequentsequencesin U , notedLU , with respect
to thesameminimum support.Furthermore,the incrementalapproachhasto take
advantageof previously discoveredpatternsin orderto avoid re-runningall mining
algorithms whenthedatais updated.

First, we considertheproblemwhennew transactionsareappendedto customers
alreadyexisting in thedatabase.In orderto illustratethis problem,let usconsider
the baseDB given in Figure 1, giving factsabouta population reducedto just
four customers.Transactionsare orderedaccordingto their time-stamp.For in-
stance,thedatasequenceof customerC3 is 	$� 1020�%� 40�&� 30� 
 . Let usassume
that the minimumsupportvalueis 50%,which meansthat in orderto be consid-
eredasfrequenta sequencemustbe observed for at leasttwo customers.The set
of all maximum frequentsequencesembeddedin the databaseis the following:
LDB � � 	� 10 20�'� 30� 
 , 	� 10 20�'� 40� 
(� . After someupdateactivities, let
usconsiderthe incrementdatabasedb (describedin Figure1) wherenew transac-
tionsareappendedto customersC2 andC3. Assumingthatthesupportvalueis the
same,the following two sequences	)� 60�'� 90� 
 and 	� 10 20�*� 50 70� 
 be-
comefrequentafter thedatabaseupdatesincethey have sufficient support. Let us
considerthefirst of these.Thesequenceis not frequentin DB sincetheminimum
supportdoesnot hold (it only occursfor the last customer). With the increment
database,this sequencebecomesfrequentsinceit appearsin the datasequences
of the customerC3 and C4. The sequence	+� 10 20� 
 could be detectedfor
customersC1, C2 andC3 in the original database.By introducingthe increment
databasethenew frequentsequence	,� 10 20�-� 50 70� 
 is discoveredbecauseit
matcheswith transactionsof C1 andC2. Furthermore,new frequentsequencesare
discovered: 	)� 10 20�'� 30�(� 50 60�*� 80� 
 and 	� 10 20�*� 40�(� 50 60�'� 80� 
 .
	.� 5060�/� 80� 
 is a frequentsequencein db andonscanningDB wefind thatthe
frequentsequencesin LDB areits predecessor.
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Cust-Id Itemsets

C1 ������� ��� ������� Itemsets

C2 ������� ���  !� 506070 80100

C3 �������  !� ��� 5060 8090

C4 "�� #��
C5 1040 7080

(DB) (db)

Fig.2.An original database(DB) andanincrementdatabasewith new transactionsandnew
customers(db)

Let us now considerthe problemwhennew customersandnew transactionsare
appendedto the original database(Figure 2). Let us considerthat the minimum
supportvalueis still 50%,whichmeansthatin orderto beconsideredasfrequenta
sequencemustnow beobservedfor at leastthreecustomerssincea new customer
C5 hasbeenadded.Accordingto this constraintthesetof frequentsequencesem-
beddedin theoriginaldatabasebecomesLDB � � 	0� 1020� 
(� sincethesequences
	+� 10 20�1� 30� 
 and 	+� 10 20�2� 40� 
 occur only for customersC2 andC3.
Nevertheless,the sequence	3� 10 20� 
 is still frequentsinceit appearsin the
datasequencesof customerC1,C2 andC3.By introducingtheincrementdatabase,
thesetof frequentsequencesin theupdateddatabaseis LU � � 	�� 10 20�4� 50� 
'�	5� 10�6� 70� 
*� 	+� 10�6� 80� 
 , 	+� 40�7� 80� 
 , 	+� 60� 
*� . Let us now take a
closerlook at the sequence	8� 10 20�9� 50� 
 . This sequencecould be detected
for customerC1 in the original databasebut it is not a frequentsequence.Nev-
ertheless,as the item 50 becomesfrequentwith the incrementdatabase,this se-
quencealsomatcheswith transactionsof C2 andC3. In thesameway, thesequence
	:� 10�;� 70� 
 becomesfrequentsince,with the increment,it appearsin the data
sequencesof C1,C2 andthenew customerC5.

2.3 RelatedWork

The problem of incrementalassociationrule mining has beenmuch addressed
([12,13,17–21]),but incrementalsequentialpatternmining hasreceived very lit-
tle attention.Furthermore,amongthe availablework in the field, no researchhas
dealtwith timeconstraintsor is readyto doso.Thissectionis intendedto givetwo
pointsof view: FASTUP[22] andaSuffixTreeapproach[23] on theonehand,and
ISM [16] on theother.
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2.3.1 SuffixTreeandFASTUPApproaches

In [23], the authorsproposeda solution basedon the suffix treetechniques.The
structureusedin thatcontext acquiresthedataandbuildsupthefrequentsequences
in onescan,by meansof asuffix tree.Thismethodis thusveryappropriateto incre-
mentalsequenceextraction,becauseit only hasto continuethedatareadingafter
the update.Even thoughthe effectivenessof sucha methodcannotbe denied,its
complexity hasto bediscussed.Thecomplexity in spaceof theproposedalgorithm
(aswell asthatof ISM, describedbelow) dependson thesizeof thedatabase.

FASTUP, proposedby [22], is an exampleof the first work donefor incremental
sequentialpatternmining,wherecomplexity in spacedependsonthesizeof there-
sult.Indeed,FASTUPstandsfor anenhancedGSP, takinginto accounttheprevious
mining result,beforegeneratingandvalidating candidates,usingthe generating-
pruningmethod.

The main ideais that FASTUP, by meansof the previous result,takesadvantage
of informationaboutsequencethresholdstogeneratecandidates,. It cantherefore
avoid generatingsomesequences,dependingon their support.

2.3.2 ISM

The ISM algorithm,proposedby [16], is actually an extensionof SPADE [24],
whichaimsatconsideringtheupdateby meansof thenegativeborderandarewrit-
ing of thedatabase.

Figure3 is anexampleof a databaseandits update(itemsin bold characters).We
observe that3 clientshavebeenupdated.

The first iterationsof SPADE on DBspade, endedin the latticegiven in Figure4
(without thegraysection).Themainideaof ISM is to keepthenegative border(in
grey Fig. 4) NB, which is madeof j-candidates,at thebottomof thehierarchyin
the lattice.In otherwords,let s bea sequencein NB, then < s��= s� is child of s and
s�>� NB, andmorepreciselyNB is madeof sequenceswhich arenot frequentbut
beinggeneratedby frequentsubsequences.We canobserve, in Figure4 thelattice
andnegative borderfor DBspade. Note that hashlines standfor a hierarchythat
doesnotendin a frequentsequence.

Thefirst stepof ISM aimsat pruning,thesequencesthatbecomeinfrequentfrom
thesetof frequentsequencesaftertheupdate.Onescanof thedatabaseis enoughto
updatethelatticeaswell asthenegativeborder. Thesecondstepaimsat takinginto
accountthenew frequentsequencesoneby one,in orderto make the information
browsethe lattice usingthe SPADE generatingprocess.The field of observation
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Client Itemset Items

10 A B

1 20 B

30 A B

100 A C

20 A C

2 30 A B C

50 B

10 A

30 B

3 40 A

110 C

120 B

30 A B

4 40 A

50 B

140 C

Fig. 3. DBspade, a databaseandits update

consideredby ISM is thuslimited to the new items.For further information you
canreferto [16,25].

Example 1 Let usconsideritem“C” in DBspade.This itemonly hasa threshold
of 1 sequenceaccording to SPADE. After the update givenin Figure 3, ISM will
considerthat support, which is nowof 4 sequences.“C” is nowgoingfromNB to
thesetof frequentsequences.In thesameway, thesequences	 ( A ) ( A ) ( B ) 

and 	 ( A ) ( B ) ( B ) 
 becomefrequentafter theupdateandgo from NB to the
setof frequentsequences.Thisis thegoalof thefirststep.

Thesecondstepis intendedto considerthegenerationof candidates,but is limited
to the sequencesaddedto the setof frequentsequencesduring the first step.For
instance, sequences	 ( A ) ( A ) ( B ) 
 and 	 ( A ) ( B ) ( B ) 
 cangeneratethe
candidate	 ( A ) ( A ) ( B ) ( B ) 
 which will havea supportof 0 sequencesand
will beaddedto thenegativeborder. After theupdate, thesetof frequentsequences
will thusbe: A, B, C, 	 ( A ) ( A ) 
 , 	 ( B ) ( A ) 
 , 	 ( A B ) 
 , 	 ( A ) ( B ) 
 ,
	 ( B ) ( B ) 
 , 	 ( A ) ( C ) 
 , 	 ( B ) ( C ) 
 , 	 ( A ) ( A ) ( B ) 
 , 	 ( A B ) ( B )
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33
AB>B

44
AA>>AA

33
B>A

33
AB

44
AA>>BB

44
BB>>BB

AA BB

{ }

22
A>B>B

11
B>B>B

11
B>A>B

11
B>B>A

22
A>B>A

22
AB>A

00
B>A>A

00
A>A>A

22
A>AB

22
A>A>B

11
B>AB

CC44 44 11

Fig. 4. The negative border, considered by ISM after usingSPADE on the databasefrom
Figure3, before theupdate


 , 	 ( A ) ( B ) ( B ) 
 , 	 ( A ) ( A ) ( C ) 
 , 	 ( A ) ( B ) ( C ) 
 .

At theendof thesecondandlaststep,the lattice is updatedandISM cangive the
new setof frequentsequences,aswell asa new negative border, allowing the al-
gorithmto take a new updateinto account.As we observe in Figure4, the lattice
storingthe frequentitemsetsandthenegative bordercanbevery largeandmem-
ory intensive. Our proposalaimsat providing bettermemorymanagementandat
studying candidategenerationin order to reducethe numberof sequencesto be
evaluatedat eachscanof thedatabase.

3 ISE Algorithm

In thissectionwe introducetheISE algorithmfor computingfrequentsequencesin
theupdateddatabase.After abrief descriptionof ourproposal,weexplain, stepby
step,our methodfor efficiently mining new frequentsequencesusinginformation
collectedduring an earliermining process.Thenwe presentthe associatedalgo-
rithm andtheoptimizationtechniques.
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LDB Frequent sequencesin theoriginal database.

Ldb
1 Frequent 1-sequencesembedded in db andvalidatedonU .

candExt Candidate sequencesgeneratedfrom db.

f reqExt Frequent sequencesobtainedfrom candExt andvalidatedonU .

f reqSeed Frequent sub-sequencesof LDB extendedwith anitem from Ldb
1 .

candInc Candidate sequencesgeneratedby appendingsequences of

f reqExt to sequencesof f reqSeed.

f reqInc Frequent sequencesobtainedfrom candInc andvalidatedonU .

LU Frequent sequencesin theupdateddatabase.
Table1
Notation for Algorithm

3.1 Anoverview

How to solve the problemof incrementalmining of frequentsequencesby using
previously discoveredinformation?To find all new frequentsequences,threekinds
of frequentsequencesareconsidered.First, sequencesembeddedin DB couldbe-
comefrequentsincethey have sufficient supportwith the incrementaldatabase,
i.e. sequencessimilar to sequencesembeddedin the original databaseappearin
theincrement.Next, new frequentsequencesembeddedin db but notappearingin
theoriginaldatabase.Finally, sequencesof DB might becomefrequentwhenitems
from db areadded.

To discover frequentsequences,the ISE algorithmexecutesiteratively. in Table1
we summarizethenotationusedin thealgorithm.Sincethemainconsequenceof
addingnew customersis to verify thesupportof thefrequentsequencesin LDB, in
the next sectionwe first illustrateiterationsthroughexamplesmainly concerning
addedtransactionsto existing customers.Finally, example5 illustratesthebehavior
of ISE whennew transactionsandnew customersareaddedto theoriginaldatabase.

3.1.1 First Iteration

During the first passon db, we countthe supportof individual itemsandwe are
providedwith 1-candExtstandingfor thesetof itemsoccurringat leastoncein db.
Consideringthesetof itemsembeddedin DB we determinewhich itemsof db are
frequentin U . Thissetis calledLdb

1 .
At the endof this pass,if thereareadditional customers,we pruneout frequent
sequencesin LDB thatno longerverify theminimumsupport.

Example 1 Letusconsidertheincrementdatabasein Figure1.Whendb isscanned
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we find the supportof each individual item during the passover the data:
� �?	

� 50� 
 , 2� , �?	@� 60� 
 , 2� , �A	0� 70� 
 , 1� , �?	@� 80� 
 , 2� , �?	@� 90� 
 , 1� , �?	@� 100� 
 ,
1� � . Let usconsiderthat a previousminingof DB provideduswith the itemsem-
beddedin DB with their support:

item 10 20 30 40 50 60 70 90

support 3 3 2 2 1 1 1 1

Combiningtheseitemswith theresultof thescandb, weobtain thesetof frequent
1-sequenceswhich are embeddedin db and frequentin U: Ldb

1
� � 	� 50� 
 , 	

� 60� 
 , 	$� 70� 
 , 	$� 80� 
 , 	$� 90� 
*� .

We usethe frequent1-sequencesin db to generatenew candidates.This candi-
dategenerationworks by joining Ldb

1 with Ldb
1 andyields the setof candidate2-

sequences.We scandb andobtainthe2-sequencesembeddedin db. Sucha setis
called2-candExt. Thisphaseis quitedifferentfrom theGSPapproachsincewedo
not considerthe supportconstraint.We assume,accordingto Lemma2 (Cf. Sec-
tion 3.2), that a candidate2-sequenceis in 2-candExtif andonly if it occursat
leastoncein db. Themain reasonis thatwe do not want to provide thesetof all
2-sequences,but ratherto obtainthesetof potential extensionsof itemsembedded
in db. In otherwords,if a candidate2-sequencedoesnotoccurin db it cannotpos-
sibly beanextensionof anoriginal frequentsequenceof DB, andthuscannotgive
afrequentsequencefor U . In thesameway, if acandidate2-sequenceoccursin db,
thissequencemightbeanextensionof previoussequencesin DB.
Next, wescanU to find outfrequent2-sequencesfrom 2-candExt. Thissetis called
f reqExt andit is achievedby discardingthe2-sequencesthatdonotverify themin-
imumsupportfrom 2-candExt,.

Example 2 Let us considerLdb
1 in the previous example. From this set,we can

generate the following sequences	� 50 60� 
 , 	� 50�'� 60� 
 , 	� 50 70� 
 , 	
� 50�B� 70� 
 , ..., 	:� 80�B� 90� 
 . To discover 2-candExt in the updateddatabase,
weonly haveto considerif an itemoccurs at leastoncein db. For instance, since
the candidate 	3� 50�1� 60� 
 doesnot appearin db, it is no longer considered
whenU is scanned.After the scanof U with remainingcandidates,we are thus
providedwith thefollowingsetof frequent2-sequences,2- f reqExt � � 	C� 5060� 
 ,
	$� 50�D� 80� 
 , 	E� 5070� 
 , 	$� 60�/� 80� 
 , 	E� 60�/� 90� 
*� .

An additionaloperationis performedonthefrequentitemsdiscoveredin db. Based
onProperty1 andLemma2 (Cf. Section3.2)themainideais to retrieve in DB the
frequentsub-sequencesof LDB precedingitemsof db, accordingto their orderin
time.
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In orderto find thefrequentsub-sequencesprecedinganitemefficiently, wecreate
for eachfrequentsub-sequenceanarraythathasasmany elementsasthenumber
of frequentitems in db. WhenscanningU , for eachdatasequenceandfor each
frequentsub-sequencewe checkwhetherit is containedin the datasequence.In
suchacase,thesupportof eachitemfollowing thesub-sequenceis incremented.

During the scanto find out 2-freqExt, we also obtain the set of frequentsub-
sequencesprecedingitemsof db. From this set,by appendingthe itemsof db to
the frequentsub-sequenceswe obtaina new setof frequentsequences.This setis
called f reqSeed. In order to illustratehow this new setof frequentsequencesis
obtained,let usconsiderthefollowingexample.

Items Frequentsub-sequences

50 	E� 10� 
 3 	$� 20� 
 3 	E� 30� 
 2 	E� 40� 
 2

	E� 10�/� 30� 
 2 	$� 10�D� 40� 
 2 	$� 20�&� 30� 
 2 	$� 20�&� 40� 
 2 	E� 1020� 
 3

	E� 1020�&� 30� 
 2 	E� 1020�/� 40� 
 2

60 	E� 10� 
 2 	$� 20� 
 2 	E� 30� 
 2 	E� 40� 
 2

	E� 10�/� 30� 
 2 	$� 10�D� 40� 
 2 	$� 20�&� 30� 
 2 	$� 20�&� 40� 
 2 	E� 1020� 
 2

	E� 1020�&� 30� 
 2 	E� 1020�/� 40� 
 2

70 	E� 10� 
 2 	$� 20� 
 2

	E� 1020� 
 2

80 	E� 10� 
 2 	$� 20� 
 2 	E� 30� 
 2 	E� 40� 
 2

	E� 10�/� 30� 
 2 	$� 10�D� 40� 
 2 	$� 20�&� 30� 
 2 	$� 20�&� 40� 
 2 	E� 1020� 
 2

	E� 1020�&� 30� 
 2 	E� 1020�/� 40� 
 2

90 -

Fig. 5. Frequent sub-sequencesoccurring before itemsof db

Example 3 Let us considerthe item 50 in Ldb
1 . For customerC1, 50 is preceded

by thefollowing frequentsub-sequences:	$� 10� 
 , 	�� 20� 
 and 	�� 10 20� 
 . If
wenowconsidercustomerC2 with theupdatedtransaction,weare providedwith
the following set of frequentsub-sequencespreceding50: 	3� 10� 
 , 	3� 20� 
 ,
	�� 30� 
 , 	$� 40� 
 , 	�� 10 20� 
 , 	$� 10�%� 30� 
 , 	�� 10�F� 40� 
 , 	�� 20�F� 30� 
 ,
	,� 20�G� 40� 
 , 	H� 10 20�I� 30� 
 and 	H� 10 20�I� 40� 
 . Theprocessis repeated
until all transactionsareexamined.In Figure5weshowthefrequentsub-sequences
aswell astheir supportin U.
Let us now examineitem 90. Evenif the sequence	3� 60�9� 90� 
 could be de-
tectedfor C3 andC4, it is not considered since60 wasnot frequentin the orig-
inal database, i.e. 60 =� LDB. Actually, this sequenceis discovered as frequentin
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2-freqExt.
The set f reqSeed is obtainedby appendingto each item of Ldb

1 its associated
frequentsub-sequences.For example, if we consideritem 70, then the following
sub-sequencesare insertedinto f reqSeed: 	J� 10�K� 70 � 
 , 	5� 20�K� 70 � 
 and
	$� 1020�&� 70 � 
 .

At theendof thefirst scanonU , we arethusprovidedwith a new setof frequent
2-sequences(in 2-freqExt) aswell asanew setof frequentsequences(in freqSeed).
In subsequentiterationswe go on to discover the all frequentsequencesnot yet
embeddedin f reqSeedand2-freqExt.

3.1.2 j th iteration

Let usassumethatweareat the j th pass.In thesesubsequentiterations,westartby
generatingnew candidatesfrom thetwo setsfoundin thepreviouspass.Themain
ideaof the candidategenerationis to retrieve amongsequencesof f reqSeedand
j-freqExt, two sequences(s � f reqSeed, s� � j- f reqExt) suchthatthelastitemof s
is thefirst itemof s� . Whensuchaconditionholdsfor apair (s,s� ), anew candidate
sequenceis built by droppingthe last item of s andappendings� to theremaining
sequence.Furthermore,anadditionaloperationis performedon j-freqExt:we use
thesamecandidategenerationalgorithmasin GSPto producenew candidate(j+1)-
sequencesfrom j- f reqExt. Candidatesoccurringat leastoncein db, areinserted
in the ( j L 1)-candExt set.The supportsfor all candidatesare thenobtainedby
scanningU andthosewith minimumsupportbecomefrequentsequences.Thetwo
setsbecomerespectively f reqIncand( j L 1)- f reqExt. Thelastoneand f reqSeed
are thenusedto generatenew candidates.The processiteratesuntil all frequent
sequencesarediscovered,i.e.until nomorecandidatesaregenerated.

For easeof understanding,Fig 6 illustrates,candidategenerationat the j th itera-
tion. We canobserve that, for the sake of efficiency, eachscanaimsat counting
supportfor extensionsandincrementalcandidatesobtainedby meansof previously
discoveredextensions.

In the end,LU , the setof all frequentsequences,is obtainedfrom LDB, and the
maximalsequencesfrom f reqSeedM f reqInc M f reqExt. At thisstep,ISE provides
all thefrequentsequencesin theupdateddatabase,asshown in Theorem1.

For easeof understanding,Figure7 graphicallydescribestheprocessesin thefirst
and jth iterations.

Example 4 Consideringour example, 3rd iteration, wecanthusgeneratefrom2-
freqExta new candidate sequence	 (50 60) (80)
 . Let usnowconsiderhownew
candidatesequencesaregeneratedfrom f reqSeedand2-f reqExt. Letusconsider
the sequences � 	 (20) (40) (50)
 from f reqSeed and s� � 	 (50 60)
 from 2-
f reqExt. Thenew candidate sequence	 (20) (40) (50 60)
 is obtainedby drop-
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freqSeed 2− freqExt

scan (U)

3− candExtcandIncr

freqIncr 3− freqExt

scan (U)

4− candExtcandIncr

freqIncr 4− freqExt

scan (U)

candIncr 5− candExt

Fig. 6. ISE iterationswith j N 2

ping50 from s andappendings� to theremainingsequence.
At the4th iteration,	 (5060)(80)
 isaddedto3-freqExtandcombinedwith f reqSeed,
it generatesnew candidatesas example: 	 (10 20) (30) (50 60) (80)
 , 	 (10 20)
(40) (50 60) (80)
 , 	 (20) (40) (50 60) (80)
 and 	 (20) (30) (50 60) (80)
 . Nev-
ertheless,there are no more candidatesgeneratedfrom3-freqExt,andtheprocess
endsby verifying the supportof thecandidatesonU. Thefinal maximalfrequent
sequencesetobtainedis LU � � 	 (60 90)
 , 	 (10 20) (50 70)
 , 	 (10 20) (30)
(5060) (80)
 , 	 (1020) (40) (5060) (80)
*� .
Now let usexaminehow new customersaretakenintoaccountin theISE algorithm.
As previously described,frequentsequenceson theoriginal databasemaybecome
invalid whenaddingcustomersincethesupportconstraintdoesnothold anymore.
The mainconsequencefor the ISE algorithmis to pruneout from LDB, the setof
sequencesthatno longersatisfiesthesupport.This is achievedat thebeginning of
the process.In order to illustratehow sucha situationis managedby ISE, let us
considerthefollowingexample.

Example 5 Let us now considerFigure 2, where a new customeras well as new
transactionsare addedto the original database. Whendb is scannedwe find the
supportof each individual item during the passover the data:

� �?	:� 10 
'� 1� � �?	� 40� 
*� 1� � �?	5� 50� 
*� 2� � �?	J� 60� 
'� 2� � �O	P� 70� 
*� 2� � �?	5� 80� 
*� 3� � �A	5� 90� 

� 1� � �Q	E� 100� � 1� 
(� . Combiningtheseitemswith LDB

1 , weobtainLdb
1
� � 	E� 10� 


� 	:� 40� 
*� 	)� 50� 
'� 	)� 60� 
'� 	)� 70� 
'� 	:� 80� 
(� . As onecustomerhasbeen
added,in order to be frequenta sequencemustappearin at leastthreetransac-
tions.Let usnow considerLDB. ThesetLDB

1 becomes:
� �?	,� 10� � 4 
 � � �?	H� 20� 
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Scan db and prune out unfrequent sequences from LDB

Generate candidates from Ldb
11

2− candExt

LLdb
11

               check 2− candExt
               Associate subsequences of LDB and Ldb

11
Scan U

2− freqExt
freqSeed

Generate candidate extensions from 2− freqExt
Generate candidate sequences from freqSeed + 2− freqExt
i=3

i− candExt
candInc

check i− candExt
check candInc

Scan U

i− freqExt
freqInc

Generate candidate extensions from i− freqExt
Generate candidate sequences from freqSeed + i− freqExt
i=i+1

No more candInc or candExt can be generated

Fig. 7. Processes in thefirst and jth iterationsof ISE

� 3� � �Q	J� 40� 
*� 3� . That is to say that item 30 is prunedout from LDB
1 since it

is no longer frequent.According to Property 1, the set LDB
2 is reducedto

� �?	
� 1020� � 3 
 � andLDB

3 is prunedoutbecausetheminimumsupport constraint does
not hold anymore. FromLdb

1 , wecannowgenerate new candidatesin 2-candExt:� 	5� 10 40� 
*� 	J� 10�7� 40� 
*� 	5� 10 50� 
*������� 	J� 70�6� 80� 
(� . Whendb is
scanned,we prune out candidatesnot occurring in the incrementand are pro-
videdwith candidate2-sequencesoccurringat leastoncein db. Next wescanU to
verify2-candidatesandsequencesof theupdatedLDB thatchronologically precede
sequencesof Ldb

1 . There are only threecandidatesequencesthat satisfy the sup-
port: 2- f reqExt � � 	$� 10�%� 70� 
*� 	$� 10�%� 80� 
 	�� 40�F� 80� � . Let usnowhave
a closerlook to frequentsequencesoccurringbefore itemsof Ldb

1 :

15



Items FrequentSub-sequences

10 	$� 10� 
 0 	E� 20� 
 0 	E� 1020� 
 0

40 	$� 10� 
 2 	E� 20� 
 2 	E� 1020� 
 2

50 	$� 10� 
 3 	E� 20� 
 3 	E� 1020� 
 3

60 	$� 10� 
 2 	E� 20� 
 2 	E� 1020� 
 2

70 	$� 10� 
 3 	E� 20� 
 2 	E� 1020� 
 2

80 	$� 10� 
 3 	E� 20� 
 2 	E� 1020� 
 2

Theminimumsupport constraint holdsfor thefollowingsequences:f reqSeed� � 	
� 10�R� 70� 
*� 	S� 10�D� 80� 
 	0� 1020�R� 50� 
(� (Thesequences	.� 10�R� 70� 
 and
	E� 10�&� 80� 
 arealsoin 2- f reqExt, this is a particular caseaddressedin section
3.3). Since, we cannotgenerate new candidatesfrom f reqSeed and 2- f reqExt,
theprocesscompletesandall maximalfrequentsequencesare stored in LU � � 	
� 1020�&� 50� 
*� 	$� 10�&� 70� 
'� 	E� 10�&� 80� 
 , 	$� 40�/� 80� 
 , 	$� 60� 
*� .

3.2 TheISE Algorithm

Building on theabovediscussion,weshallnow describetheISE algorithm.

Algorithm ISE

Input: DB the original database,LDB the set of frequentsequencesin DB, the
supportof eachitem embeddedin DB, db the incrementdatabase,minSupp the
minimumsupportthresholdandk thesizeof themaximal sequencesin LDB.
Output: ThesetLU of all frequentsequencesin U � DB � db
Method:

//First Iteration
Ldb

1 T /0
foreach i � db do
if (supportDB U db � i �V� minSupp) then Ldb

1 T Ldb
1 M �

i � ;
enddo

Pruneout from LDB sequencesnomoreverifying theminimumsupport;

2-candExt T generatecandidate2-sequencesby joining Ldb
1 with Ldb

1 ;
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// findsequencesoccurringin db
Scandb for 2-candExt;
Generatefrom LDB, thesetof frequentsub-sequences;
ScanU to validatecandidate2-candExtandfrequentsub-sequencesoccurringbe-
fore
itemsof Ldb

1 ;
f reqSeed T frequentsub-sequencesoccurringbeforeitemsof Ldb

1 andappended
with theitem;
2- f reqExt T frequentsequencesfrom 2-candExt;
// j th Iteration
j=2;
While � j- f reqExt!= /0 � do
candInc T generatecandidatesfrom f reqSeedandj- f reqExt;
j++;
j-candExt T Generatecandidate
j-sequencesfrom j- f reqExt;

// findsequencesoccurringin db
Scandb for j-candExt;
if ( j-candExt!= /0 OR candInc!= /0)then
ScanU for j-candExt andcandInc;
endif
j- f reqExt T frequentj-sequences;
f reqInc T f reqInc+ candidatesfrom candIncverifying thesupportonU ;
enddo
LU T LDB M �

maximalfrequentsequencesin f reqSeed M f reqInc M f reqExt � ;
end Algorithm ISE

To prove that ISE providesthesetof frequentsequencesembeddedin U , we first
show in thefollowing two lemmasthateverynew frequentsequencecanbewritten
asthecomposition of two sub-sequences.Theformeris a frequentsequencein the
originaldatabasewhile thelatteroccursat leastoncein theupdateddata.

Lemma 1 LetF bea frequentsequenceonU such thatF doesnotappearin LDB.
ThenF is such that its last itemsetoccursat leastoncein db.

Proof:

W caseXF X � 1: SinceF =� LDB, F containsanitemsetoccurringat leastoncein db,
thusF endswith asingleitemsetoccurringat leastoncein db.W case XF X 
 1: F canbe written as 	+	 A 
 	 B 
+
 with A andB sequences
suchthat0 Y$XA XZ	$XF X , 0 	�XB XZYEXF X , XA X[L\XB X � XF X with B =� db. Let MB bethe
setof all datasequencescontaining B. Let MAB bethesetof all datasequences

17



containing F . We know that if XMB X � n and XMAB X � m thenminSupp Y m Y n
(accordingto Property1).FurthermoreMAB � DB (sinceB =� db andtransactions
areorderedby time) then 	:	 A 
 	 B 
)
 is frequenton DB, this implies
F � LDB whichcontradictsassumptionF =� LDB. Thus,if a frequentsequenceF
doesnotappearin LDB, F endswith anitemsetoccurringat leastoncein db ]

Lemma 2 LetF bea frequentsequenceonU such thatF doesnotappearin LDB.
F can thusbe written as 	+	 D 
 	 S 
+
 , where D and S are two sequences,
XD X^� 0, XSX_� 1, such that S is themaximalsub-sequenceoccurringat leastonce
in db andD is includedin (or is) a frequentsequencefromLDB.

Proof:

W caseXSX � XF X : thus XD X � 0 andD � LDB.W case1 Y:XSX�	)XF X : that is, D � 	�� i1 �`� i2 � ��� � i j a 1 � 
 andS � 	�� i j � ��� � it � 
 where
S is themaximal sub-sequenceendingF andoccurringat leastoncein db (from
Lemma1 we know that XSXb� 1). Let MD be the setof all datasequencescon-
tainingD. Let MF bethesetof all datasequencescontainingF. Weknow thatif
XMD X � n and XMF X � m thenminSupp Y m Y n (accordingto Property1). Fur-
thermore,MD � DB (sinceby assumption i j a 1 =� db andtransactionsareordered
chronologically). ThusD � LDB ]

Consideringa new frequentsequence,we show that it canbe written astwo sub-
sequencessuchthatthelatteris generatedasa candidateextensionby ISE.

Lemma 3 LetF bea frequentsequenceonU such thatF doesnotappearin LDB.
F canbewrittenas 	$	 D 
 	 S 
�
 whereD andSare twosequencesverifying
XD X_� 0 and XSX_� 1, S is themaximalsub-sequenceoccurringat leastoncein db,
D is includedin (or is) a frequentsequencefromLDB andSis includedin candExt.

Proof: Thanksto Lemma2, weonly have to show thatSoccursin candExt.

W caseS is a onetransactionsequence,reducedto a singleitem: S is thusfoundat
thefirst scanondb andaddedto 1-candExt.W caseScontainsmorethanoneitem: candExt is built up ’a la GSP’from all fre-
quentitemsin db andis thusasupersetof all frequentsequencesonU occurring
in db ]

Thefollowing Theoremguaranteesthecorrectnessof theISE approach.

Theorem 1 LetF bea frequentsequenceonU such thatF doesnotappearin LDB

and XF X�Y k L 1. ThenF is generatedasa candidateby ISE.

Proof: FromLemma2 let usconsiderdifferentpossibilities for S.

W caseS � F: Thus S will be generatedin candExt (Lemma3) and addedto

18



f reqExt.W casesS c� F:d caseS is aonetransactionsequence,reducedto asingleitem i: Thus 	E	 D 
	$� i � 
$
 will beconsideredin theassociationmadeby f reqSeed.d caseScontainsmorethanoneitem: Let usconsideri11 thefirst item from the
first itemsetof S. i11 is frequentondb, thus 	E	 D 
 	E� i11 � 
E
 is generated
in f reqSeed. Accordingto Lemma3, Soccursin f reqExt andwill beusedby
ISE to build 	$	 D 
 	 S 
$
 in candInc ]

3.3 Optimizations

In orderto speedup the performanceof the ISE algorithmwe considertwo opti-
mizationtechniquesfor generatingcandidates.

As thespeedof algorithms for mining associationrules,aswell assequentialpat-
terns,dependsvery muchon thesizeof thecandidateset,we first improveperfor-
manceby usinginformation on itemsembeddedin Ldb, i.e. frequentitemsin db.
Theoptimizationis basedon thefollowing lemma:

Lemma 4 Let us considertwo sequences(s � f reqSeed� s� � f reqExt) such that
an item i � Ldb

1 is the last item of s and the first item of s� . If there existsan item
j � Ldb

1 such that j is in s� and j is not associated to s in f reqSeed, thesequence
obtainedbyappending s� to s is not frequent.

Proof: If s is not followedby j in f reqSeed, then 	 s j 
 is not frequent.Hence
	 ss� 
 is not frequentsincethereexistsaninfrequentsub-sequenceof 	 s s� 
 .

Using this lemma,at the j th iteration,with j � 2, we canreducethe numberof
candidatessignificantlyby avoiding the generationof 	 s s� 
 asa candidate.In
our experiments, thenumberof candidateswasreducedby nearly40%.Theonly
additionalcostis to find outwhetherthereis a frequentsub-sequencematchingthe
first onefor eachitem occurringin thesecondsequence.As we areprovidedwith
an arraythat storesthe itemsoccurringafter the sequencefor eachfrequentsub-
sequence,theadditional costof thisoptimizationis relatively low.

In orderto illustratethisoptimization,let usconsiderthefollowing example.

Example 6 Let usconsiderthefrequentsequences � 2- f reqExt such ass � 	 (50
70)
 . We have found in f reqSeed the following frequentsequence	 (10) (30)
(50)
 . According to thepreviousgenerationphase, wewouldgenerate 	 (10) (30)
(50 70)
 . Nevertheless,the sequence	 (10) (30)
 is never followedby 70. So,
we can concludethat 	 (10) (30) (70)
 is not frequent.This sequenceis a sub-
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e
D
e

Numberof customers(sizeof Database)e
C
e

Averagenumber of transactions perCustomere
T
e

Averagenumber of itemsperTransactione
S
e

Averagelength of maximalpotentially large Sequencese
I
e

Averagesizeof Itemsetsin maximalpotentially large sequences

NS Numberof maximalpotentially large Sequences

NI Numberof maximalpotentially large Itemsets

N Numberof items

I f Averagenumber of itemsets removedfrom sequencesin U to build db

D% Percentageof updatedtransactionsin U

C% Percentageof customers removedfrom U in order to build db
Table2
Parameters

sequenceof 	 (10) (30) (5070)
 , thusbefore generating weknowthat 	 (10) (30)
(5070)
 is not frequent.Hence, this lastsequenceis notgenerated.

The main concernof the secondoptimization is to avoid generatingcandidate
sequencesthat have alreadybeenfound to be frequentin a previous phase.In
fact, when generatinga new candidateby appendinga sequenceof f reqExt to
a sequenceof f reqSeed we first test if this candidatewas not alreadydiscov-
ered frequent.In this casethe candidateis no longer considered.To illustrate,
consider 	 (30) (40)
 to be a frequentsequencein 2- f reqExt. Let us now as-
sumethat 	 (10 20) (30) (40)
 and	 (10 20) (30)
 are frequentin f reqSeed.
From the last sequencethe generationwould provide the following candidate	
� 10 20�%� 30�&� 40� 
 which wasalreadyfoundfrequent.This optimizationreduces
thenumberof candidatesbeforeU is scannedat negligiblecost.

4 Experiments

In this section,we presentthe performanceresultsof our ISE algorithmand the
GSPalgorithm.All experimentswereperformedonaPCStationwith aCPUclock
rateof 450 MHz, 64MB of main memory, a Linux Systemanda 9GB disk drive
(IDE).

20



Name —C— —I— N —D— Size(Mo)

C9-I4-N1K-D50K 9 4 1,000 50,000 12

C9-I4-N2K-D100K 9 4 2,000 100,000 30

C12-I2-N2K-D100K 12 2 2,000 100,000 30

C12-I4-N1K-D50K 12 4 1,000 50,000 18

C13-I3-N20K-D500K 13 3 20,000 500,000 230

C15-I4-N30K-D600K 15 4 30,000 600,000 320

C20-I4-N2K-D800K 20 4 2,000 800,000 460
Table3
Parametervalues for syntheticdatasets

4.1 Datasets

Weusedsynthetic datasetstostudythealgorithmperformance.Thesyntheticdatasets
werefirst generatedusingthesametechniquesasintroducedin [10] 1 . Thegener-
ation of DB anddb wasperformedas follows. As we wantedto model real life
updatesvery accurately, asin [12], we first generatedall thetransactionsfrom the
samestatistical pattern,thendatabasesof size XU X= XDB L db X weregenerated.
In orderto assesstherelative performanceof ISE whennew transactionswereap-
pendedtocustomersalreadyexistingin DB, weremoved itemsetsfromthedatabase
U using the userdefinedparameterI a . The numberof transactionswhich were
modifiedwasprovidedby theparameterD% standingfor thepercentageof trans-
actionsmodified.The transactionsembeddingremoved itemsetswere randomly
chosenaccordingto D%. Finally, removed transactionswerestoredin the incre-
mentdatabasedb while remainingtransactionswerestoredin thedatabaseDB. In
thesameway, in orderto investigatethebehavior of ISE whennew customerswere
added,thenumberof customersremoved from U wasprovided by theparameter
C%.
Table2 lists theparametersusedin thedatagenerationmethodandTable3 shows
the databasesusedandtheir properties.For experiments we first investigatedthe
behavior of ISE whennew transactionswereadded.For theseexperiments,I a was
setto 4 andD% wassetto 90%.Finally, to studytheperformanceof ouralgorithm
with new customers,C% wassetto 10%and5%.

1 The synthetic data generation program is available at the following URL
(http://www.almaden.ibm.com/cs/quest).
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4.2 Comparisonof ISE with GSP

In this section,we comparethenaive approach,i.e. usingGSPfor mining theup-
dateddatabasefrom scratch,andour incrementalalgorithm. We also testhow it
scalesup as the numberof transactionsincreases.Finally, we carriedout exper-
imentsto analyzethe performanceof the ISE algorithmaccordingto the sizeof
updates.

C9-I4-N1K-D50K C12-I2-N2K-D100K

C13-I3-N20K-D500K

Fig. 8. Execution times

4.2.1 Naivevs.ISE algorithm

Figure 8 shows experimentsconductedon the different datasetsusing different
minimum supportrangesto get meaningfulresponsetimes.Note the minsupport
thresholdsareadjustedto beaslow aspossible while retainingreasonableexecu-
tion times.Thelabel“IncrementalMining” correspondsto theISE algorithmwhile
“GSP” standsfor GSPusedfor miningtheupdateddatabasefrom scratch.“Mining
from scratch”correspondsto ISE for miningsequentialpatterns,i.e. assuming that
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noprevious mininghasbeenperformed.

Figure8 clearlyindicatesthattheperformancegapbetweenthetwo algorithmsin-
creaseswith decreasingminimumsupport.WecanobservethatISE is 3.5to 4 times
fasterthanrunningGSPfrom scratch.It canalsobenoticedthat ISE outperforms
GSPfor small supportaswell as large supportvalue: ISE is still 2.5 to 3 times
fasterfor largesupport.Thesameresultsarefoundevenif thenumberof itemsets
is large.For instance,the last graphin Figure8 reportsan experimentconducted
for investigatingtheeffectof thenumberof itemsetsontheperformance.Whenthe
supportis lower theGSPalgorithmprovidestheworstperformance.
In Section4.3.1,we shall investigatethecorrelationbetweenexecutiontimesand
thenumberof candidates.

4.2.2 Performancein scaled-updatabases
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Fig. 9. Scale-up: Numberof total transactions

Weexaminedhow ISE behavesasthenumberof total transactionsis increased.We
would expect the algorithmto have almostlinear scale-up.This is confirmedby
figure 9 which shows that ISE scalesup linearly asthe numberof transactionsis
increasedten-fold,from 0.1 mill ion to 1 million. Experiments wereperformedon
the C12-I4-N1K-D50Kdatasetwith threelevels of minimum support(2%, 1 � 5%
and 1%). During our evaluation, the size of the incrementdatabasewas always
proportional(D% � 90% and I a � 4) to the numberof new addedtransactions.
The execution timesare normalized with respectto the time for the 0.1 mill ion
dataset.

4.2.3 Varying thesizeof addedtransactions

We carriedout someexperimentsto analyzetheperformanceof theISE algorithm
accordingto thesizeof updates.We usedthedatabasesC13-I3-N20K-D500Kand
C12-I2-N2K-D100Kfor experiments with a thresholdof respectively 0.6% and
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C13-I3-N20K-D500K C12-I2-N2K-D100K

Fig. 10.Sizeof updates

0.4%.Fromthesedatabases,we investigatedtheperformanceof ISE thenumberof
itemsetsremovedfromthegenerateddatabasewasvaried,togetherwith thenumber
of clients.Deletedtransactionswerestoredin theincrementdatabasedb while the
remainingtransactionswerestoredin theDB database.We first ran GSPto mine
LDB andthenran ISE on the updateddatabase.Figure10 shows the resultof this
experimentwhenconsideringthetime for ISE.
For the first one,we can observe that ISE is very efficient from 1 to 6 itemsets
removed.Thefrequentsequencesin LU areobtainedin lessthan110seconds.As
the numberof removed transactionsincreases,the amountof time taken by ISE

increases.For instance,when10 itemsetsaredeletedfrom the original database,
ISE takes180 secondsfor 30% of transactionsto 215 secondsif the itemswere
deletedfrom all thetransactions.Themainreasonis thatthechangesto theoriginal
databasearesonumerousthattheresultsobtainedduringanearlierminingarenot
helpful. Interestingly, wealsonoticedthatthetimetakenby thealgorithmdoesnot
dependverymuchon thenumberof transactionsupdated.
Let usconsiderthesecondsurface,thealgorithmtakesmoreandmoretime asthe
numberof itemsetsremoved grows. Nevertheless,when 3 itemsetsare removed
from the generateddatabase,ISE takesonly 30 secondsto discover the setof all
sequentialpatterns.

4.2.4 Varying thenumberof addedcustomers

Weassume,sinceit is realisticandsuitedto realapplications,thattheaveragesize
of theaddedsequencesis lessthanor equalto theaveragesizeof thesequencesem-
beddedin theoriginaldatabase.Intuitively, anobviousapproachwouldbeto study
thebehavior of ISE whenthenumberof new customersaddedto thedatabaseis in-
creased.In fact,this nave ideacouldnot bea significantindicator. This is because
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whenthe numberof new customersincreases,thenthenumberof occurrencesof
a sequencemustalsobeincreasedto satisfytheminimumsupportconstraint.Ob-
viously, asat thebeginning of the ISE algorithm,we pruneout from LDB frequent
sequencesthatnolongersatisfythesupport,sothemoreof cutomersareadded,the
moreof previousfrequentsequencesareprunedout.Themainconsequenceis that
thenumberof frequentsequencesdecreases,togetherwith theexecutiontimes.
A muchmoreinterestingapproachfor evaluating ISE performanceis to carryout
experimentscomparingexecutiontimesof GSPvs. ISE ondifferentdatasetswhile
varying the minimum support.Figure 11 shows experiments conductedon two
datasetsC9-I4-N2K-D100KandC20-I4-N2K-D800Kwhere10%and5% of cus-
tomershavebeenaddedrespectively. We canobserve that ISE is veryefficient and
even whencustomersareaddedit is nearly twice as fastasapplyingGSPfrom
scratch.

C9-I4-N2K-D100K C20-I4-N2K-D800K
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Fig.11.Executiontimeswhen10%and5%of customersareadded to theoriginaldatabase

4.3 ISE for Mining SequentialPatterns

In thissectionweinvestigatetheperformanceof ISE for miningsequentialpatterns.

We designedsomeexperimentsto analyzethe performanceof ISE whenmining
sequentialpatternsusing the samedatasetsas in Section4.2.1.Neverthelesswe
performedthe following operationon eachdataset.First we removed 6 itemsto
60[l22]%of transactionsin orderto providetheincrementdatabase.Secondweran
GSPto minethek-frequentsequencesin DB. Finally we ran ISE. In otherwords,
the graphsin Figure 8 show two behaviors. The graphlabeled“GSP” indicates
the time responseof GSPonU , whereasthe“ ISE” graphshows GSPon DB plus
ISE on db. We observe that ISE is from 1.7 to 3 timesfasterthanGSPfor mining
sequentialpatterns.The main reasonfor the gain in performanceis the reduced
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numberof candidates.We studythis effect in the next section.As expected,we
alsoobserve thatusingISE for incrementalmining insteadof mining from scratch
is still efficient sincethe incrementalmining is nearly twice as fasterasmining
from scratchwith thesedatasets.

4.3.1 CandidateSets

C13-I3-N20K-D500K C15-I4-N30K-D600K

Fig. 12.Candidate sets

In orderto explain thecorrelationbetweenthenumberof candidatesandtheexe-
cutiontimeswe comparedthenumberof candidatesetsgeneratedby GSPandour
algorithm. Resultsaredepictedin Figure12. As we cansee,the numberof can-
didatesfor GSPis nearly twice the numberfor ISE. Let us have a closerlook at
low support.In thefirst graph,GSPgeneratesmorethan7000candidateswhile ISE

generatesonly 4000candidates.The sameresult is obtainedin thesecondgraph,
whereGSPgeneratesmorethan14000candidateswhile our algorithmgenerates
8000.

4.3.2 Varying thesizeof updates

Finally, wecarriedoutsomeexperimentsin orderto analyzetheperformanceof the
ISE algorithmwith respectto thesizeof updates.Experiments wereconductedon
datasetsC12-I2-N2K-D100KandC13-I3-N20K-D500Kwith a thresholdof 0.4%.
Let usconsiderthefirst surfacein Figure13.Thebestresultsareobtainedwhen5
itemsetsaredeletedfrom thedatabase.All frequentsequencesarethenobtainedin
lessthan17 seconds.Thealgorithmis still veryefficient with from 2 to 7 itemsets
deletedbut when5 itemsetsaredeletedfrom 10 % of customers,ISE is lesseffi-
cient.
In thesecondsurfaceof Figure13,theperformanceof ISE is quitesimilarandbest
resultsareobtainedwhen9 itemsetsareremovedfrom 80%of customers.
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C12-I2-N2K-D100K C13-I3-N20K-D500K

Fig. 13.Sizeof updates

5 Conclusion

In this paperwe presentthe ISE approachfor the incrementalmining of sequen-
tial patternsin largedatabases.This methodis basedon thediscovery of frequent
sequencesby only consideringfrequentsequencesobtainedby an earliermining
step.By proposingan iterative approachbasedonly on suchfrequentsequences
we areableto handlelarge databaseswithout having to maintainnegative border
information, which wasproved to be very memoryconsuming[16]. Maintaining
sucha borderis well adaptedto incrementalassociationmining [26,19],whereas-
sociationrulesareonly intendedto discover intra-transactionpatterns(itemsets).
Nevertheless,in sequencemining, we alsohave to discover inter-transactionpat-
terns(sequences)andthe setof all frequentsequencesis an unboundedsuperset
of thesetof frequentitemsets(bounded)[16]. Themainconsequenceis thatsuch
approachesarevery limitedby thenegativebordersize.
Ourperformanceresultsshow thattheISE methodis veryefficientsinceit performs
muchbetterthanre-rundiscovery algorithms whendatais updated.We foundby
meansof empiricalevaluationsthat theproposedapproachwassoefficient that it
wasquicker to extract an incrementfrom the original databasethenapply ISE to
minesequentialpatternsthanto usetheGSPalgorithm.Experimentson incremen-
tal webusageminingwerealsoperformed,for furtherinformationreferto [27].

Therearevariousavenuesfor future work on incrementalmining. Firstly, while
the incrementalapproachis applicableto databases,which arefrequentlyupdated
whennew transactionsor new customersareaddedto anoriginal database,it also
appropriateto many otherfields.For example,bothelectroniccommerceandweb
usagemining requiredeletionor modification to be takeninto accountin orderto

27



save storagespaceor becauseinformationis no longerof interestor hasbecome
invalid. We arecurrentlyinvestigatinghow to managetheseoperationsin the ISE

algorithm.
Second,wearecurrentlystudyinghow to improvetheoverallprocessof incremen-
tal mining.By meansof experimentation, we would like to discovermeasuresthat
cansuggesttouswhenISE should beappliedtofind outthenew frequentsequences
in the updateddatabase.Suchan approachhasbeenproposedin anothercontext,
[28], basedonasamplingtechniquein orderto estimatethedifferencebetweenold
andnew associationrules.We arecurrentlyinvestigatingwhetherothermeasures
couldbefoundby analyzingthedatadistribution of theoriginaldatabase.

A recaser
In [16], theauthorsproposeanincrementalminingalgorithm, basedontheSPADE
approach[11], which canupdatethe sequentialpatternsin a databasewhennew
transactionsandnew customersareadded.It is basedon an incrementsequence
latticeconsisting of all frequentsequencesandall sequencesin thenegativeborder
of theoriginaldatabase.Thisnegativeborderis thecollectionof all sequencesthat
arenot frequentbut whosegeneratingsub-sequencesareboth frequent.Further-
more,thesupportof eachmemberis alsoretainedin the lattice.Themainideaof
thisalgorithmis thatwhenincrementaldataarrivestheincrementalpartis scanned
onceto incorporatethenew information in thelattice.Thennew datais combined
with thefrequentsequencesandnegativeborderin orderto determinetheportions
of the original databasethatneedto be re-scanned.Even thoughthis approachis
veryeffective,maintaining thenegativeborderis verymemoryconsumingandnot
appropriatefor very largedatabases[16].
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