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Abstract

In this paperwe consder the problem of the incrementalmining of seqential pattens
when new trarsactions or nev cugsomersare addel to an original databae. We present
a new algorithm for mining frequent sequacesthat usesinformation collectedduring an
earlier mining processto cut down the cod of finding new sequatial pattensin the up-

dateddatabae. Our test shaws that the algorithm perfams significantly faste than the
nawve apprachof mining onthewhole updaeddatabaefrom scrath. Thedifferenceis so
pronouncel thatthis algorithm could alsobe usefu for mining sequentid paterns,sincein

mary casest is fasterto apply our algorithm thanto mine sequentid pattensusing a stan-
dardalgarithm, by bre&ing down thedatabaseanto anoriginal datataseplus anincrement.

Key words: Sequerital patterns,incremenal mining, datamining

1 Introduction

Mostresearchinto datamining hasconcentratednthe problemof miningassocia-
tion rules[1-8]. Althoughsequentiapatternsareof greatpracticalimportance(e.g.
alarmsin telecommuitationsnetworks, identifying planfailures,analysisof Web
accesslatabasestc.)they have recevedrelatively littl e attention[9—11]. Firstin-
troducedin [9], wherean efficient algorithmcalled AprioriAll was proposedthe
problemof mining sequentiapatternss to discovertemporarelationshpsbetween
factsembeddedn the databaseThefactsunderconsideratioraresimply the char
acteristicof individuals,or obsenations of individualbehaior. For example,in a
videodatabasea sequentiapatterncouldbe“95% of customerdought Star Wars
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and The Empire StrikesBack’, then’Return of the Jedi’, andthen’The Phantom
Menace”™. In [10], thedefinitionof the problemis extendedoy handlingtime con-
straintsandtaxononies (is-a hierarchiesanda new algorithm,calledGSR which
outperformedAprioriAll by upto 20times,is proposed.

As databasesvolve the problemof maintainhg sequentiapatternsover a signifi-
cantlylong periodof time become®ssentialsincea large numberof new records
maybeaddedo adatabaseTlo reflectthe currentstateof thedatabasehereprevi-
oussequentiapatternsvould becomdrrelevantandnew sequentiapatternamight
appearthereis a needfor efficientalgorithmsto update maintainandmanagehe
informationdiscovered[12]. Several efficient algorithms for maintainng associa-
tion ruleshave beendeveloped[12—15]. Nevertheless the problemof maintainng
sequentiapatternss muchmore complicatedthanmaintainirg associatiorrules,
sincetransactiorcutting and sequencgermutatiorhave to be taken into account
[16]. In orderto illustrate the problem,let us consideran original and an incre-
mentaldatabaseThen,to compue the setof sequentiapatternsembeddedn the
updateddatabasewe have to discover all sequentiapatternswvhich werenot fre-
guentin the original databasdut becomefrequentwith the increment.We also
have to examire all transactionsn the original databasdhat can be extendedto
becomefrequent.Furthermorepld frequentsequencemay becomeinvalid when
anew customeis added.Thechallengds thusto discover all thefrequentpatterns
in theupdateddatabasavith far greaterefficiency thanthe nave methodof mining
sequentiapatterndrom scratch.

In this paper we proposean efficient algorithm,called| se (IncrementalSequence
Extraction),for compuing the frequentsequences the updateddatabasevhen
new transactionandnew customersare addedto the original databasel SE min-
imizescomputationatostsby re-usingthe minimal informationfrom the old fre-
guentsequencesg,e. the supportof frequentsequenceslhe main new featureof
ISE is that the set of candidatesequences$o be testedis substantlly reduced.
Furthermore someoptimization techniquedor improving the approachare also
provided.

Empiricalevaluatiors werecarriedoutto analyzethe performancef | SE andcom-
pareit againstcasesvhere GSPis appliedto the updateddatabasdrom scratch.
Experimentsshaved that I SE significantly outperformsthe GSP algorithm by a
factorof 4 to 6. Indeedthe differenceis so pronouncedhatour algorithmmay be
usefulfor mining sequentiapatternsaaswell asincrementammining, sincein mary
casesjnsteadof mining the databasevith the GSP algorithm, it is fasterto ex-
tractanincrementrom the databasethenapply our approactconsideringhatthe
databases broken down into an original databaselus anincrement.Our exper
imentalresultsshav animprovementin performanceby a factorof 2 to 5 in the
comparison.



The restof this paperis organizedas follows. Section2, statesthe problemand
describegelatedresearchThe algorithmI sk is describedn Section3. Section4
describeghe experimentsn detailandinterpretsthe performanceesultsobtained
. Finally, Section5 concludegshe paperwith futureavenuedor research.

2 Statement of the Problem

In this sectionwe give theformal definitionof the problemof incrementakequen-
tial patternmining. First, we formulatethe conceptof sequencenining sumnariz-
ing the formal descriptionof the problemintroducedin [9] andextendedin [10].
A brief overview of the GSPalgorithmis also provided. Secondwe examinethe
incrementalipdateproblemin detail.

2.1 Mining of SequentiaPatterns

Let DB be a setof customertransactionsvhere eachtransactionT consistsof
custometid, transactiortime anda setof itemsinvolved in thetransaction.

Letl = {iy,ip,...,im} beasetof literalscalleditems An itemséis anon-emptyset
of items.A sequencss is a setof itemsetsorderedaccordingto their time stamp.
It is denotedby < s15...5, >, wheres;j, j € 1..n, is anitemset A k-sequencés a
sequencef k items(or of lengthk). For example,let usconsiderthata given cus-
tomerpurchasedtems1,2,3,4,5, accordingto the following sequence.=< (1)
(2, 3) (4) (5)>. This meanghatapartfrom 2 and 3 thatwere purchasedogether
i.e. duringa commontransactionjtemsin the sequencevereboughtseparatelys
is a5-sequence.

A sequence< 51%...5y > is a sub-sequencef anothersequence< s/s,...s, > if
thereexist integersii < i» < ...ij... < in suchthats; C 5’11,52 C qz, S C s’1n. For
example thesequence = < (2) (5) > is asub-sequencef s becausé2) C (2, 3)
and(5) C (5). However < (2) (3) > is notasub-sequencef s sinceitemswerenot
boughtduringthe sametransaction.

Property 1 If AC Bfor sequences, Bthensupp(A) > supp(B) becausaill trans-
actionsin DB that supportB necessarilyalsosupportA.

All transactiongrom thesamecustomearegroupedogethemandsortedn increas-
ing orderandarecalleda datasequenceA supportvalue(supp(s) for asequence
givesits numberof actualoccurrencesn DB. Neverthelessa sequencen a data
sequences taken into accountonly onceto computethe supportevenif several
occurrencesrediscovered.In otherwords,the supportof a sequencés definedas



thefractionof total distinctdatasequencethatcontains. A datasequenceontains
asequencsif sis asub-sequencef the datasequencen orderto decidewhether
a sequencés frequentor not, a minimum supportvalue(minSupp is specifiedoy
theuser andthesequencés saidto befrequenif thecondition supp(s) > minSupp
holds.

Givenadatabasef custometransactionshe problemof sequentiapatternmining
is to find all thesequencewhosesupporis greatethanaspecifiedhresholdmin-
imumsupport) Eachof theserepresenta sequentiapattern alsocalledafrequent
sequence.

Thetaskof discovering all the frequentsequencem large databasess quite chal-
lengingsincethe searchspaceis extremelylarge (e.g.with m attributesthereare
O(m¥) potentiallyfrequentsequencesf lengthk) [11]. To the bestof our knowl-
edge,the problemof mining sequentiapatternsaccordingto the previous defini-
tionshasrecevedrelatively littl e attention.

We shallnow briefly review the GSPalgorithm.For building up candidateandfre-
guentsequenceghe GSPalgorithmmalkesmultiple passe®verthe databaseThe
first stepaimsatcomputinghesupportof eachitemin thedatabaseWhenthis step
hasbeencompletedthefrequentitems(i.e.thosethatsatisfythe minimumsupport)
havebeendiscovered. They areconsideredsfrequentl-sequenceSequencelar-
ing asingleitemsetjtself asingletor). The setof candidate2-sequences built up
accordingto the following assumptia: candidate2-sequencesould be any cou-
ple of frequentitems,whetherembeddedn the sametransactioror not. Frequent
2-sequencearedeterminedy countingthe support.Fromthis point, candidatek-
sequencearegeneratedrom frequent(k-1)-sequencesbtainedn pass-k-1). The
mainideaof candidategenerations to retrieve, from among(k-1)-sequencegairs
of sequencess, s) suchthatdiscardingthefirst elementof the formerandthelast
elementof the latterresultsin two fully matchingsequencedVhensucha condi-
tion holdsfor a pair (s, §'), anew candidatesequencés built by appendinghelast
item of §' to s. Thesupportdor thesecandidatesrethencomputecandthosewith
minimum supportbecomefrequentsequencesl he processteratesuntil no more
candidatesequenceareformed.

2.2 IncrementaMining on Discovered SequentiaPatterrs

Let DB betheoriginal databasendminSupp the minimum support.Let db bethe

incremendatabasevherenew transaction®r new custonersareaddedo DB. We

assumehateachtransactioron db hasbeensortedby custometid andtransaction
time.U = DBUdb is the updateddatabaseontainingall sequenceffom DB and

db.



Cust-1d ltemsets
C1 10 20 | 20 | 50 70 ltemsets
C2 |10 20 |30 | 40 506070 | 80100
C3 |10 20 |40 | 30 5060 | 8090
C4 60 90
(DB) (db)

Fig. 1. An original datdbase(DB) andanincrementdatébasewith new transactians (db)

Let LPB bethe setof frequentsequencei DB. The problemof incrementamin-
ing of sequentiapatternds to find frequentsequenceim U, notedL", with respect
to the sameminimum support.Furthermorethe incrementalpproachasto take
advantageof previously discoveredpatternsn orderto avoid re-runningall mining
algorithns whenthedatais updated.

First, we considerthe problemwhennew transactionsre appendedo customers
alreadyexisting in the databaseln orderto illustratethis problem,let us consider
the baseDB givenin Figure 1, giving factsabouta population reducedto just
four customersTransactionsare orderedaccordingto their time-stamp.For in-
stancethe datasequencef customelC3 is < (1020) (40) (30) >. Letusassume
that the minimum supportvalueis 50%, which meansthatin orderto be consid-
eredasfrequenta sequencenustbe obsenedfor at leasttwo customersThe set
of all maximum frequentsequenceembeddedn the databasas the following:
LPB = {< (10 20) (30) >, < (10 20) (40) >}. After someupdateactiities, let
usconsidertheincrementdatabaselb (describedn Figurel) wherenew transac-
tionsareappendedo customer£2 andC3. Assumingthatthe supportvalueis the
same the following two sequences: (60) (90) > and < (10 20) (50 70) > be-
comefrequentafter the databaseipdatesincethey have sufficient support Let us
considerthefirst of these . The sequencés not frequentin DB sincethe minimum
supportdoesnot hold (it only occursfor the last custoner). With the increment
databasethis sequencéecomedrequentsinceit appearsn the datasequences
of the customerC3 and C4. The sequence< (10 20) > could be detectedfor
customer<C1, C2 andC3 in the original databaseBy introducingthe increment
databasé¢he new frequentsequence< (10 20) (50 70) > is discoveredbecauset
matcheswith transaction®f C1 andC2. Furthermorenew frequentsequenceare
discovered: < (10 20) (30) (50 60) (80) > and< (10 20) (40) (50 60) (80) >.
< (5060) (80) > is afrequentsequencén db andon scannind®B we find thatthe
frequentsequencem LPP areits predecessor



Cust-1d ltemsets
C1 10 20 | 20 | 50 70 ltemsets
C2 |10 20 |30 | 40 506070 | 80100
C3 |10 20 |40 | 30 5060 | 8090
C4 60 90
C5 1040 7080
(DB) (db)

Fig. 2. An original datatase(DB) andanincrementdatabaewith new transationsandnewv
custamers(db)

Let us now considerthe problemwhennew custonersand new transactionsre
appendedo the original databasd€Figure 2). Let us considerthat the minimum
supportvalueis still 50%,which meanghatin orderto beconsideredsfrequenta
sequencenustnow be obseredfor atleastthreecustonerssincea new customer
C5 hasbeenadded Accordingto this constrainthe setof frequentsequencesm-
beddedn theoriginal databaséecomes. P8 = { < (1020) >} sincethesequences
< (10 20) (30) > and < (10 20) (40) > occuronly for customersC2 and C3.
Neverthelessthe sequence< (10 20) > is still frequentsinceit appearsn the
datasequencesf customeCl,C2 andC3. By introducingtheincrementatabase,
the setof frequentsequences the updateddatabasés LY = {< (10 20) (50) >,
< (10) (70) >, < (10) (80) >, < (40) (80) >, < (60) >}. Let us now take a
closerlook at the sequence< (10 20) (50) >. This sequencesould be detected
for customerC1l in the original databaseut it is not a frequentsequenceNev-
erthelessasthe item 50 becomedrequentwith the incrementdatabasethis se-
guencealsomatchewith transaction®f C2 andC3. In thesameway, thesequence
< (10) (70) > becomesdrequentsince,with the increment,t appearsn the data
sequencesf C1,C2 andthe newv customecCb.

2.3 Relatedwbrk

The problem of incrementalassociationrule mining has beenmuch addressed
([12,13,17-21]) but incrementalsequentiapatternmining hasreceved very lit-
tle attention.Furthermoreamongthe availablework in thefield, no researcthas
dealtwith time constraintsor is readyto do so. This sectionis intendedo give two
pointsof view: FASTUP [22] anda SuffixTreeapproactj23] ontheonehand,and
ISM [16] ontheother



2.3.1 SufixTreeandFASTUPAppmades

In [23], the authorsproposeda soluion basedon the sufiix treetechniquesThe
structureusedin thatcontect acquiregshedataandbuildsupthefrequentsequences
in onescan py meanof asuffix tree.Thismethods thusveryappropriatdo incre-
mentalsequencextraction,becauset only hasto continuethe datareadingafter
the update.Eventhoughthe effectivenessof sucha methodcannotbe denied,its
complity hasto bediscussedThecompleity in spaceof theproposedalgorithm
(aswell asthatof ISM, describedelov) dependonthesizeof thedatabase.

FASTUR proposeddy [22], is an exampleof the first work donefor incremental
sequentiapatternmining, wherecompl«ity in spacedepend®nthesizeof there-

sult.Indeed FASTUPstanddor anenhance@ SR takinginto accountheprevious

mining result, beforegeneratingand validating candidatesusingthe generating-
pruningmethod.

The mainideais that FASTUR by meansof the previous result,takesadvantage
of informationaboutsequencehresholdto generatecandidates, It cantherefore
avoid generatingsomesequencesjependingdn their support.

2.3.2 ISM

The ISM algorithm, proposedby [16], is actually an extensionof SFADE [24],
which aimsat consideringhe updateby meansof the negaive borderandarewrit-
ing of thedatabase.

Figure 3 is anexampleof a databasandits update(itemsin bold characters)We
obsenre that3 clientshave beenupdated.

Thefirst iterationsof SFADE on DBspade, endedin the lattice given in Figure4
(withoutthe gray section).The mainideaof ISM is to keepthenegative border(in
grey Fig. 4) NB, which is madeof j-candidatesat the bottomof the hierarchyin
thelattice. In otherwords, let s be a sequencén NB, thenfs'/< is child of s and
s’ € NB, andmorepreciselyNB is madeof sequencewhich arenot frequentbut
beinggeneratedy frequentsubsequence$Ve canobsere, in Figure4 thelattice
andnegative borderfor DBspade. Note that hashlines standfor a hierarchythat
doesnotendin afrequentsequence.

Thefirst stepof ISM aimsat pruning,the sequencethatbecomenfrequentfrom
thesetof frequentsequenceaftertheupdate Onescanof thedatabaseés enoughto
updatethelatticeaswell asthe negative border Thesecondstepaimsattakinginto
accountthe new frequentsequencesneby one,in orderto make the information
browsethe lattice usingthe SFADE generatingorocess.The field of obsenation



Client | Itemset| ltems
10 AB
1 20 B
30 AB
100 AC
20 AC
2 30 ABC
50 B
10 A
30 B
3 40 A
110 C
120 B
30 AB
4 40 A
50 B
140 C

Fig. 3. DBspade, a datalaseandits update

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

Example 1 Letusconsideritem“C” in DBspade. Thisitemonly hasa threshold
of 1 sequenceccoding to SFADE. After the updat givenin Figure 3, ISM will

considerthat support which is nowof 4 sequencesC” is nowgoingfromNB to
the setof frequentsequencedn the sameway, thesequencesc (A) (A)(B) >

and< (A) (B) (B) > becomdrequentafter the updateand go from NB to the
setof frequentsequenceslhisis thegoal of thefirststep.

Thesecondstepis intendedo considerthe geneation of candidatesbut is limited
to the sequenceaddedto the setof frequentsequencesuring the first step.For
instancesequences. (A) (A) (B) > and< (A) (B) (B) > cangeneatethe
candidate< (A) (A) (B) (B) > which will havea supportof 0 sequenceand
will beaddedto the negativeborder. Aftertheupdate the setof frequentsequences
will thusbe: A,B,C, < (A)(A)>,<(B)(A)>,<(AB)>,<(A)(B)>,
<(B)(B)> <(A)(C)> <(B)(C)> <(A)(A)(B)> <(AB)(B)



1 2 1 3
Al \B>B>A) \A>AB/ \B>AB, B B\ AB>B

0 0 2 2 1
>A>Al \B>A>A \AB>A A>B>B/\ B>B>B

Fig. 4. The negative borde, corsideral by ISM after using SFADE on the datalasefrom
Figure3, befare theupdat

><(A)(B)(B)> <(A)(A)(C)> <(A)(B)(C)>.

At theendof the secondandlast step,thelattice is updatedandISM cangive the
new setof frequentsequencesaswell asa new negative border allowing the al-
gorithmto take a new updateinto accountAs we obsere in Figure4, the lattice
storingthe frequentitemsetsandthe negaive bordercanbe very large andmem-
ory intensve. Our proposalaimsat providing bettermemorymanagemenand at
studyirg candidategenerationin orderto reducethe numberof sequenceso be
evaluatedat eachscanof thedatabase.

3 Ise Algorithm

In this sectionwe introducethe | S algorithmfor computingfrequentsequencem
theupdateddatabaseAfter a brief descriptionof our proposalwe explain, stepby
step,our methodfor efficiently mining new frequentsequencessinginformation
collectedduring an earlier mining process.Thenwe presentthe associatealgo-
rithm andthe optimizationtechniques.



LPB Frequem sequacesin the original datalase.

Lgb Frequen 1-seqencesembeddd in db andvalidatedonU.
cancExt | Candidde seqenceggyereratedfrom db.
freqgbxt | Frequemsequacesobtanedfrom candExt andvalidatedonU.
freq®ed | Frequetsub-seuercesof L°B extendedwith anitem from L¢P
candlnc | Candidae sequencegyereratedby appending seqience of
freqExt to seqencesf freqSal.

freglnc | Frequensequacesobtanedfrom cand ncandvalidatedonU.

LY Frequem sequ@cesin theupddeddatalase.
Tablel
Notation for Algorithm

3.1 Anoverviev

How to solve the problemof incrementaimining of frequentsequenceby using
previously discoveredinformation?To find all new frequentsequenceghreekinds
of frequentsequenceareconsideredFirst, sequenceembeddedn DB couldbe-
comefrequentsincethey have sufficient supportwith the incrementaldatabase,
i.e. sequencesimilar to sequenceembeddedn the original databaseppearin
theincrementNext, new frequentsequencesmbeddedn db but notappearingn
theoriginal databaserinally, sequencesf DB might becomdrequentwhenitems
from db areadded.

To discover frequentsequenceghe | SE algorithmexecutesteratively. in Table 1
we summarizehe notationusedin the algorithm.Sincethe main consequencef
addingnew customerss to verify the supportof the frequentsequences LPB, in
the next sectionwe first illustrate iterationsthroughexamplesmainly concerning
addedransaction$o existing customerskinally, exampk 5 illustratesthebehavior
of Ise whennew transactionandnew customersreaddedo theoriginaldatabase.

3.1.1 Firstlteration

During the first passon db, we countthe supportof individual itemsandwe are
providedwith 1-candExistandingfor thesetof itemsoccurringatleastoncein db.

Consideringhe setof itemsembeddedn DB we determinewhich itemsof db are
frequentin U. This setis calledL.

At the end of this pass,if thereare additioral customerswe pruneout frequent
sequencei LPB thatno longerverify the minimum support.

Example 1 Letusconsideitheincrementdatabasen Figure1l. Whendbis scanned

10



we find the supportof ead individual item during the passover the data: {(<
(50) >, 2), (< (60) >, 2), (< (70) >, 1), (< (80) >, 2), (< (90) >, 1), (< (100) >,
1)}. Letusconsiderthat a previousmining of DB providedus with theitemsem-
beddedn DB with their support:

item |10|20|30|40|(50|60| 70|90
suppot | 3 |3 |2 |2 |1 ]1|1]1

Combiningtheseitemswith theresultof the scandb, we obtain the setof frequent
1-sequencewhich are embeddedn db and frequentin U: LY = {< (50) >, <
(60) >, < (70) >, < (80) >, < (90) >}.

We usethe frequentl-sequences db to generatenew candidatesThis candi-
dategenerationworks by joining L{® with L® andyields the setof candidate2-
sequenceslNe scandb andobtainthe 2-sequenceembeddedn db. Sucha setis
called2-candExt This phasas quitedifferentfrom the GSPapproactsincewe do
not considerthe supportconstraint We assumeaccordingto Lemmaz2 (Cf. Sec-
tion 3.2), that a candidate2-sequences in 2-candExtif andonly if it occursat
leastoncein db. The mainreasonis thatwe do not wantto provide the setof all
2-sequencediut ratherto obtainthe setof potental extensionf itemsembedded
in db. In otherwords,if acandidate-sequencedoesnotoccurin db it cannotpos-
sibly be anextenson of anoriginal frequentsequencef DB, andthuscannotgive
afrequentsequencéor U. In thesameway, if acandidate-sequenceccursin db,
this sequencenight be anextensionof previoussequences DB.

Next, we scanU to find outfrequent2-sequencefsom 2-candExt This setis called
freqEBxt andit is achiezedby discardinghe 2-sequencethatdo notverify themin-
imum supportirom 2-candExt

Example 2 Let us considerL‘ljb in the previous example From this set,we can
geneate the following sequences: (50 60) >, < (50) (60) >, < (50 70) >, <
(50) (70) >, ..., < (80) (90) >. To discover 2-candExt in the updateddatabase
we only haveto considerif anitemoccurs at leastoncein db. For instance since
the candidae < (50) (60) > doesnot appearin db, it is no longer consideed
whenU is scannedAfter the scanof U with remainingcandidateswe are thus
providedwith thefollowingsetoffrequen®-sequenceg- freqExt = { < (5060) >,
< (50) (80) >, < (5070) >, < (60) (80) >, < (60) (90) >}.

An additional operationis performedonthefrequenttemsdiscoveredin db. Based
on Propertyl andLemmaz2 (Cf. Section3.2)themainideais to retrieve in DB the
frequentsub-sequencesf LPB precedingtemsof db, accordingto their orderin

time.

11



In orderto find thefrequentsub-sequencgwecedinganitem efficiently, we create
for eachfrequentsub-sequencean arraythathasasmary elementsasthe number
of frequentitemsin db. WhenscanningU, for eachdatasequenceandfor each
frequentsub-sequenceve checkwhetherit is containedn the datasequenceln
sucha casethe supportof eachitem following the sub-sequencis incremented.

During the scanto find out 2-freqExt we also obtain the set of frequentsub-
sequenceprecedingtemsof db. From this set,by appendinghe itemsof db to
the frequentsub-sequencese obtaina new setof frequentsequencesthis setis
called freg®ed In orderto illustrate how this new setof frequentsequencess
obtained)et usconsiderthefollowing example.

ltems | Frequensub-sequences
50 | < (10) >3 < (20) >3 < (30) >2 < (40) >2
< (10) (30) > < (10) (40) >2 < (20) (30) >2 < (20) (40) >» < (1020) >
< (1020) (30) >2 < (1020) (40) >»
60 | < (10)>2 < (20) >2 < (30) >2 < (40) >»
< (10) (30) >2 < (10) (40) >2 < (20) (30) >2 < (20) (40) >2 < (1020) >
< (1020) (30) >2 < (1020) (40) >
70 | < (10) >2 < (20) >
< (1020) >
80 | <(10)>; < (20) > < (30) >2 < (40) >»
< (10) (30) >2 < (10) (40) >2 < (20) (30) >2 < (20) (40) >» < (1020) >
< (1020) (30) >2 < (1020) (40) >
N |-

Fig. 5. Frequen sub-quertesoccuring before itemsof db

Example 3 Let us considertheitem 50 in L‘ljb. For custometCy, 50 is preceded
by the following frequentsub-sequences: (10) >, < (20) > and < (1020) >. If
we now considercustomelC, with the updatedtransaction,we are providedwith
the following set of frequentsub-sequencegreceding50: < (10) >, < (20) >
< (30) >, < (40) >, < (1020) >, < (10) (30) >, < (10) (40) >, < (20) (30) >
< (20) (40) >, < (1020) (30) > and< (10 20) (40) >. Theprocesss repeated
until all transactionsare examined!In Figure 5weshowthefrequensub-sequences
aswell astheir supportin U.

Let us now examineitem 90. Evenif the sequence< (60) (90) > could be de-
tectedfor C3 and Cy, it is not consideed since 60 was not frequentin the orig-
inal databasei.e. 60 ¢ LPB. Actually, this sequences discosered as frequentin

12



2-freqExt.

The set freq®edis obtainedby appendingto ead item of L‘l‘b its associated
frequentsub-sequence$or example if we consideritem 70, thenthe following

sub-sequenceare insertedinto freq®ed < (10) (70) >, < (20) (70) > and

< (1020) (70) >.

At theendof thefirst scanon U, we arethusprovidedwith a new setof frequent
2-sequencefn 2-freqEx) aswell asanew setof frequentsequencegn freqSeel

In subsequeniterationswe go on to discover the all frequentsequencesiot yet

embeddedn freq®edand2-freqExt

3.1.2 jthiteration

Letusassumehatwe areatthe ji" passin thesesubsequeriterationswe startby
generatinghew candidategrom thetwo setsfoundin the previous pass.Themain
ideaof the candidategenerations to retrieve amongsequencesf freq®edand
j-fregExt two sequencefs € freq®ed s € j-freqbxt) suchthatthelastitemof s
is thefirstitem of s'. Whensucha condition holdsfor apair (s,s'), anew candidate
sequencss built by droppingthe lastitem of s andappendings’ to the remaining
sequencel-urthermoreanadditionaloperationis performedon j-freqExt: we use
thesamecandidategeneratioralgorithmasin GSPto producenew candidatej+1)-
sequencefrom j-freqgbxt. Candidate®ccurringat leastoncein db, areinserted
in the (j + 1)-candExt set. The supportsfor all candidatesare then obtainedby
scanningJ andthosewith minimumsupportbecomdrequentsequences hetwo
setsbecomerespectiely freqincand(j + 1)-freqExt. Thelastoneand freq&®ed
are thenusedto generatenew candidatesThe processteratesuntil all frequent
sequencearediscovered,i.e. until no morecandidatesiregenerated.

For easeof understandingFig 6 illustrates,candidategeneratiorat the jt" itera-
tion. We can obsene that, for the sale of efficiengy, eachscanaimsat counting
supportfor extensionsaandincrementatandidate®btainedoy meansof previously
discovered extensons.

In the end, LY, the setof all frequentsequencess obtainedfrom LPB, andthe
maximalsequenceom freq®ed) freqincl freqBxt. At thisstep,I SE provides
all thefrequentsequencem the updateddatabaseasshavn in Theoreml.

For easeof understandingiigure?7 graphicallydescribeshe processes the first
and jt iterations.

Example 4 Consideringour example 3¢ iteration, we canthusgeneate from 2-
freqExta new candidae sequence<(50 60) (80)>. Let usnow considerhow new
candidatesequenceare genertedfrom freq®edand 2-freqExt. Letusconsider
the sequences =<(20) (40) (50)> from freq®ed and s' =< (50 60)> from 2-
freqExt. The new candidae sequence<(20) (40) (50 60)> is obtainedby drop-
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Fig. 6. ISEiteraionswith j>2

ping 50 from s andappendings’ to theremainingsequence

Atthe4!h iteration,< (5060) (80)> is addedto 3-freqExtandcombinedvith freq®ed
it geneatesnew candidatesas example: < (10 20) (30) (50 60) (80)>, <(10 20)
(40) (50 60) (80)>, <(20) (40) (5060) (80)> and <(20) (30) (50 60) (80)>. Nev-
erthelessthere are no more candidategyenematedfrom 3-freqExt,andthe process
endsby verifying the supportof the candidateson U. Thefinal maximalfrequent
sequenceetobtainedis LY = {<(6090)>, <(1020)(5070)>, <(10 20)(30)
(5060) (80)>, <(1020)(40)(5060)(80)>}.

Now let usexaminehow new customersretakeninto accounin thel se algorithm.
As previoudy describedfrequentsequencesnthe original databasenay become
invalid whenaddingcustomeisincethe supportconstraintdoesnot hold anymore.

The main consequencéor the | Se algorithmis to pruneout from LPB, the setof

sequencethatno longersatisfieghe support.Thisis achieved at the beginning of

the processlin orderto illustrate how sucha situationis managedy ISk, let us

considerthefollowing example.

Example 5 Let usnow considerFigure 2, where a new customeras well as nev
transactionsare addedto the original databaseWhendb is scannedwe find the
supportof ead individual item during the passover the data: {(< (10 >,1),(<
(40) >,1),(< (50) >,2),(< (60) >,2),(< (70) >,2),(< (80) >,3),(< (90) >
,1), (< (100),1) >}. Combiningtheseitemswith L?B, we obtainL$® = {< (10) >
,< (40) >, < (50) >, < (60) >,< (70) >, < (80) >}. Asonecustomerhasbeen
added,in order to be frequenta sequencenustappearin at leastthreetransac-
tions. Let us now considerLPB. ThesetLP® becomes{(< (10),4 >),(< (20) >
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Scan db and prune out unfrequent sequences from L°®
Generate candidates from L%

db
LT

./

2- candExt
check 2- candExt
J Scan U Associate subsequences of L®® and L%
2- fregExt
freqSeed

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

i- candExt
candinc

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

check i- candExt
check candinc

i- fregExt
freginc

l No more candinc or candExt can be generated

@)

Fig. 7. Processein thefirstand jt" iterations of | SE

Scan U

,3),(< (40) >,3). Thatis to say that item 30 is prunedout from LDB sinceit
is no longer frequent.Acconding to Property 1, the set LDB is reducedto {(<
(1020),3 >) andL2® is prunedout becausehe minimumsuppot constaint does
not hold anymoe. From L‘fb, we cannow geneite new candidatesn 2-candext:
{< (10 40) >, < (10) (40) >, < (1050) >,... < (70) (80) >}. Whendb is
scannedwe prune out candidatesnot occurring in the incrementand are pro-
videdwith candidate2-sequencesccurringat leastoncein db. Next we scanU to
verify 2-candidatesindsequencesf theupdated_PB that chrorologically precede
sequencesf L‘l‘b. Thee are only three candidatesequenceshat satisf the sup-
port: 2-fregExt = {< (10) (70) >, < (10) (80) > < (40) (80)}. Letusnowhave
a closerlookto frequentsequencesccurringbefore itemsof L‘ljb:
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ltems| FrequentSub-sequences

10 | < (10) >0 < (20) >0 < (1020) >¢
40 | < (10) >2 < (20) >2 < (1020) >2
50 | < (10) >3 < (20) >3 < (1020) >3
60 | < (10) >2 < (20)>2 < (1020) >»
70 | < (10) >3 < (20) >2 < (1020) >»
80 | < (10) >3 < (20) >2 < (1020) >»

Theminimun suppot consteint holdsfor thefollowingsequencestreq®ed= { <
(10) (70) >, < (10) (80) > < (1020) (50) >} (Thesequences: (10) (70) > and
< (10) (80) > arealsoin 2-freqExt, thisis a particular caseaddressedn section
3.3). Since we cannotgeneite new candidatesfrom freq®ed and 2-freqExt,
the processcompletesand all maximalfrequentsequenceare storedin LY = {<
(1020) (50) >, < (10) (70) >, < (10) (80) >, < (40) (80) >, < (60) >}.

3.2 Thelsk Algorithm

Building onthe above discusson, we shallnow describehe | SE algorithm.

Algorithm IS

Input: DB the original databasel P8 the setof frequentsequencesn DB, the
supportof eachitem embeddedn DB, db the incrementdatabaseminSupp the
minimum supportthresholdandk the sizeof the maximal sequence LPB.
Output: ThesetLY of all frequentsequenceis U = DBU db

M ethod:

[[Firstlteration

L$b 0

foreach i € dbdo

if (Ssupportpgap(i) > minSupp) then L « LPY {i};
enddo

Pruneoutfrom LPB sequenceso moreverifying the minimumsupport;
2-cancExt « generateandidate?-sequencesy joining L$P with L{®;
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/I find sequencesccurringin db

Scandb for 2-candext;

Generatdrom LPB, the setof frequentsub-sequences;

ScanU to validatecandidate2-candExtandfrequentsub-sequencesccurringbe-
fore

itemsof L{Y;

freq®ed« frequentsub-sequencesccurringbeforeitemsof L‘fb andappended
with theitem;

2-fregExt « frequentsequencefom 2-candExt;

/I it Iteration

i=2;

While (j-fregExt!=0) do

cand nc + generateandidatesrom freq®edandj- freqExt;

J

j-candExt + Generateandidate

j-sequencefrom j- freqExt;

/I find sequencesccurringin db

Scandb for j-candExt;

if (j-candExt!=0 OR cand ncl=0)then

ScanU for j-candext andcand nc;

endif

j-freqBxt « frequentj-sequences;

freqinc < freqinc+ candidate$rom cand nc verifying the supportonU;;
enddo

LY < LPB | {maximalfrequentsequencem freq@ed(J freginc|J freqext};
end Algorithm Ise

To prove that I SE providesthe setof frequentsequencesmbeddedn U, we first
shaw in thefollowing two lemmaghatevery new frequentsequenceanbewritten
asthecompodiion of two sub-sequence$heformeris afrequentsequencén the
original databasavhile thelatteroccursatleastoncein the updatediata.

Lemmal LetF beafrequentsequencenU sud thatF doesnotappearin LPB,
ThenF is sud thatits lastitemsetccurs at leastoncein db.

Pr oof:

e caseF| = 1:SinceF ¢ LPB, F containsanitemsetoccurringatleastoncein db,
thusF endswith asingleitemsetoccurringatleastoncein db.

e case|F| > 1: F canbewrittenas< < A> < B> > with A andB sequences
suchthat0 < |A| < |F|,0< |B| < |F|, |A|+|B| = |F| with B ¢ db. Let Mg bethe
setof all datasequencesontainirg B. Let Mag bethe setof all datasequences
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containirg F. We know thatif |Mg| = n and|Mag| = mthenminSupp<m<n
(accordingo Propertyl). FurthermoreMag € DB (sinceB ¢ db andtransactions
areorderedby time)then< < A > < B > > isfrequenton DB, thisimplies
F € LPB which contradictsassumptin F ¢ LPB. Thus,if afrequentsequencé
doesnotappeaiin LPB, F endswith anitemsetoccurringatleastoncein db O

Lemma?2 LetF beafrequentsequencenU sud that F doesnotappearin LPB,
F canthusbewrittenas < < D > < S> >, where D and S are two sequences,
ID| > 0, |§ > 1, such that Siis the maximalsub-sequenceccurring at leastonce
in db andD is includedin (or is) a frequentsequencéomLPB.

Pr oof:

e case S| = |F|: thus|D| = 0andD € LPB,

e casel < |§ < |F|: thatis, D =< (i1)(i2)..(ij—1) > andS=< (ij)..(it) > where
Sis themaximal sub-sequencendingF andoccurringatleastoncein db (from
Lemmal we know that|§ > 1). Let Mp be the setof all datasequenceson-
tainingD. Let Mg bethesetof all datasequencesontainingF. We know thatif
IMp| = n and|Mg| = mthenminSupp < m < n (accordingto Propertyl). Fur-
thermoreMp € DB (sinceby assumptinij_; ¢ db andtransactionsreordered
chronologeally). ThusD e LPB [

Consideringa new frequentsequenceywe shawv thatit canbe written astwo sub-
sequencesuchthatthelatteris generatedsa candidatesxtensionby I SE.

Lemma3 LetF beafrequentsequencenU sud that F doesnotappearin LPB,
F canbewrittenas< < D > < S> > whee D and Sare two sequenceserifying
ID| > 0and|S > 1, Sis themaximalsub-sequenceccurringat leastoncein db,
D isincludedin (or is) a frequensequencéomLPB andSisincludedin candExt.

Proof: Thanksto Lemma2, we only have to shav thatSoccursin candext.

e caseSis aonetransactiorsequenceeducedo asingleitem: Sis thusfoundat
thefirst scanon db andaddedo 1-candExt.

e caseS containsmorethanoneitem: candext is built up’a la GSP’from all fre-

guentitemsin db andis thusa supersebf all frequentsequencesnU occurring
indbO

Thefollowing Theoremguaranteethe correctnessf the | S approach.

Theorem 1 LetF beafrequensequencenU sud thatF doesnotappearin LPB
and|F| < k+ 1. ThenF is genematedasa candidateby | SE.

Proof: FromLemmaz2 let usconsiderdifferentpossilities for S.

e caseS= F: Thus S will be generatedn candExt (Lemma3) and addedto
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fregbxt.
e casesS#F:

- caseSis aonetransactiorsequenceeducedo asingleitemi: Thus< <D >
< (i) > > will beconsideredn theassociatioomadeby freq&ed

- caseS containsmorethanoneitem: Let usconsideriq, thefirst item from the
firstitemsetof S. iy, is frequentondb, thus< < D > < (i1,) > > is generated
in freq®ed Accordingto Lemma3, Soccursin freqext andwill be usedby
ISEtobuild < <D > <S> >incandnc

3.3 Optimizaions

In orderto speedup the performanceof the I Se algorithmwe considertwo opti-
mizationtechniquegor generatingandidates.

As the speedof algorithns for mining associationmules,aswell assequentiapat-
terns,dependvery muchon the sizeof the candidateset,we first improve perfor
manceby usinginformation on itemsembeddedn L%, i.e. frequentitemsin db.
Theoptimizationis basednthefollowing lemma:

Lemma4 Letusconsidertwo sequence¢s € freq®eds € freqBxt) sud that
anitemi € LY is the lastitem of s and thefirstitem of §'. If there existsan item
j € L‘l’Ib sud that j isin ' and j is not associgedto sin freqS®ed the sequence
obtainedby appendig s’ to sis notfrequent.

Proof: If sis notfollowedby j in freq®ed then< s j > is notfrequent.Hence
< ss > is notfrequentsincethereexistsaninfrequentsub-sequencef < ss' >.

Using this lemma,at the ji" iteration,with j > 2, we canreducethe numberof
candidatesignificantlyby avoiding the generatiorof < s s’ > asa candidateln
our experimens, the numberof candidatesvasreducedby nearly40%. The only
additionalcostis to find outwhetherthereis a frequentsub-sequencmatchingthe
first onefor eachitem occurringin the secondsequenceAs we are provided with
an array that storesthe itemsoccurringafter the sequencdor eachfrequentsub-
sequencethe additianal costof this optimizationis relatively low.

In orderto illustratethis optimization, let usconsiderthefollowing example.

Example 6 Letusconsiderthefrequentsequencs € 2-fregExt sud ass=<(50
70)>. We havefoundin freqSed the following frequentsequence<(10) (30)
(50)>. Accoding to the previousgenertion phase we wouldgenerte < (10) (30)
(50 70)>. Neverthelessthe sequence<(10) (30)> is never followed by 70. So,
we can concludethat <(10) (30) (70)> is not frequent.This sequences a sub-
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|D| | Numberof custaners(sizeof Databas)

|C| | Averagenumbe of transactiors per Customer

|T| | Averagenumbe of itemsper Transactbn

|S| | Averagdengh of maximalpotentialy large Sequenes

|l| | Averagesizeof Itemsetsn maximalpoterially large seqences

Ns | Numberof maximalpotertially large Sequeres

N | Numberof maximalpotertially large Iltemses

N | Numberof items

I~ | Averagenumbe of itemses removedfrom sequencesn U to build db

D% | Percentgeof updaedtransactionsin U

C”% | Percentgeof customes removedfromU in order to build db
Table2
Parameters

sequencef <(10) (30) (50 70)>, thusbefore geneiating we knowthat <(10) (30)
(5070)> is notfrequentHence this last sequencés notgenerted.

The main concernof the secondoptimizationis to avoid generatingcandidate
sequenceshat have alreadybeenfound to be frequentin a previous phase.In
fact, when generatinga new candidateby appendinga sequenceof fregbExt to
a sequenceof freqSed we first testif this candidatewas not alreadydiscov-
eredfrequent.In this casethe candidateis no longer considered.To illustrate,
consider<(30) (40)> to be a frequentsequencen 2-freqBxt. Let us now as-
sumethat <(10 20) (30) (40)> and<(10 20) (30)> are frequentin freqXed
From the last sequencehe generatiorwould provide the following candidate<
(1020) (30) (40) > whichwasalreadyfoundfrequent.This optimizationreduces
thenumberof candidate®eforeU is scannedt nggligible cost.

4 Experiments

In this section,we presentthe performanceresultsof our IS algorithmandthe
GSPalgorithm.All experimentavereperformedonaPC Stationwith a CPUclock
rate of 450 MHz, 64MB of main memory a Linux Systemanda 9GB disk drive
(IDE).
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Name —C— | —— N —D— | Size(Mo)

C9-14-N1K-D5K 9 1,000 | 50,000 12
2,000 | 100,0® 30
2,000 | 100,0® 30
1,000 | 50,000 18
20,0 | 500,0® 230
30,0 | 600,0® 320
2,000 | 800,0® 460

C9-14-N2K-D100K 9
C12-12-N2K-D1®K 12
C12-14-N1K-D50K 12

C13-13N20K-D500K | 13
C15-14N30K-D600K | 15

C20-14-N2K-D8®MK 20
Table3
Parametewralues for synthetic datesets

N I N 0 I I S I e

4.1 Datasets

We usedsynthetc dataset$o studythealgorithmperformanceThesyntheticdatasets
werefirst generatedisingthe sametechniquesasintroducedn [10] 1. Thegener
ation of DB and db was performedas follows. As we wantedto modelreal life
updatessery accuratelyasin [12], we first generatedll the transactiongrom the
samestatisical pattern thendatabasesef size|U |=|DB+ db| weregenerated.

In orderto assessherelative performanceof | SE whennew transactionsvereap-
pendedo customerslreadyexistingin DB, weremoved itemsetdrom thedatabase
U usingthe userdefinedparameted —. The numberof transactionsvhich were
modifiedwas provided by the parameteD” standingfor the percentagef trans-
actionsmodified. The transactioneembeddingremoved itemsetswere randomly
chosenaccordingto D%. Finally, removed transactionsvere storedin the incre-
mentdatabase&lb while remainingtransactionsverestoredin the databas®B. In
thesameway, in orderto investigatethebehaior of I SE whennew customersvere
added the numberof customergemoved from U was provided by the parameter
c”,

Table?2 lists the parametersisedin the datageneratiormethodand Table3 shavs
the databasesisedandtheir properties For experimens we first invegigatedthe
behaior of | SE whennew transactionsvereadded For theseexperiments] ~ was
setto 4 andD” wassetto 90%. Finally, to studythe performancef our algorithm
with new customersC” wassetto 10%and5%.

1 The synthetic dai geneation progran is available at the following URL
(http://www.almadenibm.com/cs/gest).
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4.2 Comparisorof I Se with GSP

In this section,we comparethe naive approachi.e. usingGSPfor mining the up-
dateddatabasdrom scratch,and our incrementalalgorithm We alsotesthow it
scalesup asthe numberof transactionsncreasesFinally, we carriedout exper
imentsto analyzethe performanceof the I SE algorithmaccordingto the size of
updates.

C9-14-N1K-D50K C12-12-N2K-D100K
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Fig. 8. Executiontimes

4.2.1 Naivevs.Isk algorithm

Figure 8 shawvs experimentsconductedon the different datasetausing different
minimum supportrangesto get meaningfulresponsdimes. Note the minsypport
thresholdsareadjustedo be aslow aspossble while retainingreasonablexecu-
tiontimes.Thelabel“IncrementalMining” correspondso the I Se algorithmwhile
“GSP” standdor GSPusedfor miningtheupdateddatabaséom scratch:‘Mining

from scratch’corresponds$o | SE for mining sequentiapatternsj.e. assumng that
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no previous mining hasbeenperformed.

Figure8 clearlyindicateshatthe performanceyapbetweerthetwo algorithmsin-
creasesvith decreasingninimumsupportWe canobsenethatl se is 3.5to 4 times
fasterthanrunningGSPfrom scratchlt canalsobe noticedthat | se outperforms
GSPfor small supportaswell aslarge supportvalue: ISk is still 2.5to 3 times
fasterfor large support.The sameresultsarefoundevenif the numberof itemsets
is large. For instance the last graphin Figure 8 reportsan experimentconducted
for investigatingtheeffect of thenumberof itemsetonthe performanceWhenthe
supportis lower the GSPalgorithmprovidestheworstperformance.

In Section4.3.1,we shallinvestgatethe correlationbetweenexecutiontimesand
thenumberof candidates.

4.2.2 Performancdn scaled-updatabases

Relative Time

11 J
2% —_——

10 L 15% --oe- ,:‘Eg

1% I

100 250

0
Number of transactions (’000s)
Fig. 9. Scale-up Numberof total transactians

We examiredhow | SE behaesasthe numker of totaltransactionss increasedWe
would expectthe algorithmto have almostlinear scale-up.This is confirmedby
figure 9 which shaws that I SE scalesup linearly asthe numberof transactionss
increaseden-fold,from 0.1 million to 1 million. Experimens were performedon
the C12-14-N1K-D50K datasetwith threelevels of minimum support(2%, 1.5%
and 1%). During our evaluation the size of the incrementdatabasevas always
proportional(D” = 90% and |~ = 4) to the numberof new addedtransactions.
The executbn times are normalzed with respectto the time for the 0.1 million
dataset.

4.2.3 Varyingthesizeof addedtransactions

We carriedout someexperimentdo analyzethe performanceof the I SE algorithm
accordingto the sizeof updatesWe usedthe database€13-13-N20K-D500Kand
C12-12-N2K-D100Kfor experimens with a thresholdof respectrely 0.6% and
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Fig. 10. Sizeof updates

0.4%.Fromthesedatabasesye investgatedthe performancef | SE the numberof
itemsetgemovedfrom thegeneratedatabasgasvaried togethemwith thenumber
of clients.Deletedtransactionsverestoredin theincremendatabaselb while the
remainingtransactionsvere storedin the DB databaseWe first ran GSPto mine
LPB andthenran I se on the updateddatabaseFigure 10 shaws the resultof this
experimentwhenconsideringhetime for I SE.

For the first one, we can obsere that I SE is very efficient from 1 to 6 itemsets
removed. The frequentsequences LY areobtainedin lessthan110secondsAs
the numberof removed transactionsncreasesthe amountof time taken by IS
increaseskor instancewhen 10 itemsets are deletedfrom the original database,
| SE takes 180 seconddor 30% of transactiongo 215 secondsf the itemswere
deletedrom all thetransactionsThemainreasoris thatthechangeso theoriginal
databasaresonumeroughattheresultsobtainedduringanearliermining arenot
helpful. Interestinglywe alsonoticedthatthetime takenby thealgorithmdoesnot
dependvery muchon the numberof transactionsipdated.

Let usconsiderthe secondsurface,the algorithmtakesmoreandmoretime asthe
numberof itemsetsremoved grows. Neverthelesswhen 3 itemsetsare removed
from the generatediatabasel Se takesonly 30 seconddo discover the setof all
sequentiapatterns.

4.2.4 Varyingthenumberof addedcustomes

We assumesinceit is realisticandsuitedto realapplicationsthatthe averagesize
of theaddedsequenceis lessthanor equalto theaveragesizeof thesequencesm-
beddedn theoriginal databasdntuitively, anobviousapproactwould beto study
thebehaior of | S whenthe numberof new customeraddedo thedatabasés in-
creasedln fact, this nawe ideacould not be a significantindicator Thisis because
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Time (s)

whenthe numberof new customersncreasesthenthe numberof occurrencesf

a sequencenustalsobeincreasedo satisfythe minimumsupportconstraintOb-

viously, asat the beginning of the I se algorithm,we pruneout from LPB frequent
sequencethatnolongersatisfythesupportsothemoreof cutomersareaddedthe

moreof previousfrequentsequenceareprunedout. The mainconsequences that
thenumberof frequentsequencedecreasedpgethemwith the executiontimes.

A muchmoreinterestingapproachor evaluating | SE performancas to carry out
experimentcomparingexecutiontimesof GSPvs. | Se on differentdatasetsvhile

varying the minimum support.Figure 11 showvs experimens conductedon two

dataset£C9-14-N2K-D100Kand C20-14-N2K-D800Kwhere10% and5% of cus-
tomershave beenaddedrespectiely. We canobsene thatl sk is very efficientand
even when customersare addedit is nearly twice asfastasapplying GSPfrom

scratch.
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Fig. 11. Executiontimeswhen10%and5% of cusomersareaddel to theoriginal datatase

4.3 Isk for Mining SequentiaPatterns

In this sectionwe investgatethe performancef | SE for miningsequentiapatterns.

We designedsomeexperimentsto analyzethe performanceof | SE whenmining
sequentiapatternsusing the samedatasetsasin Section4.2.1. Neverthelesswe
performedthe following operationon eachdatasetFirst we removed 6 itemsto
60[122]% of transactiong orderto provide theincrementdatabaseSecondveran
GSPto minethek-frequentsequences DB. Finally we ranIse. In otherwords,
the graphsin Figure 8 shov two behaiors. The graphlabeled“GSP” indicates
thetime responsef GSPon U, whereaghe“Ise” graphshavs GSPon DB plus
ISe on db. We obsenre that| st is from 1.7 to 3 timesfasterthanGSPfor mining
sequentiapatterns.The main reasonfor the gainin performances the reduced
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numberof candidatesWe study this effect in the next section.As expected,we
alsoobsene thatusingl se for incrementamining insteadof mining from scratch
is still efficient sincethe incrementalmining is nearly twice asfasteras mining
from scratchwith thesedatasets.

4.3.1 CandidateSets

C13-13-N20K-D500K C15-14-N30K-D600K
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Fig. 12. Candidde sets

In orderto explain the correlationbetweerthe numberof candidatesndthe exe-
cutiontimeswe comparedhe numberof candidatesetsgeneratedy GSPandour
algorithm Resultsare depictedin Figure12. As we cansee,the numberof can-
didatesfor GSPis nearlytwice the numberfor ISE. Let us have a closerlook at
low supportlin thefirst graph,GSPgeneratemorethan7000candidatesvhile 1 SE
generate®nly 4000candidatesThe sameresultis obtainedin the secondgraph,
where GSPgeneratesnorethan 14000candidatesvhile our algorithmgenerates
8000.

4.3.2 Varyingthesizeof updates

Finally, we carriedoutsomeexperimensin orderto analyzehe performancef the
| SE algorithmwith respecto the sizeof updatesExperimens wereconductecn
dataset€12-12-N2K-D100KandC13-13-N20K-D500Kwith athresholdof 0.4%.
Let usconsidetthefirst surfacein Figure13. The bestresultsareobtainedwhen5
itemsetsaredeletedrom thedatabaseAll frequentsequencearethenobtainedn
lessthan17 secondsThealgorithmis still very efficient with from 2 to 7 itemsets
deletedbut when5 itemsetsare deletedfrom 10 % of custoners, | Sk is lesseffi-
cient.

In thesecondsurfaceof Figure13,theperformancef | SE is quite similar andbest
resultsareobtainedwvhen9 itemsetsareremovedfrom 80% of custoners.
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Fig. 13. Sizeof updates

5 Conclusion

In this paperwe presentthe | SE approachfor the incrementalmining of sequen-
tial patternsn large databaseslhis methodis basedon the discovery of frequent
sequenceby only consideringirequentsequencesbtainedby an earliermining
step.By proposingan iterative approachbasedonly on suchfrequentsequences
we are ableto handlelarge databasewithout having to maintainnegative border
information which was provedto be very memoryconsuming/16]. Maintairning
suchaborderis well adaptedo incrementahssociatioomining [26,19], whereas-
sociationrulesare only intendedto discover intra-transactiorpatterns(itemsets).
Neverthelessin sequencenining, we also have to discover inter-transactiorpat-
terns(sequencesandthe setof all frequentsequencess an unboundedsuperset
of the setof frequentitemsetgbounded)16]. The mainconsequences thatsuch
approachearevery limited by the negative bordersize.
Ourperformanceesultsshav thatthel SE methods very efficientsinceit performs
muchbetterthanre-rundiscovery algorithnms whendatais updated We found by
meansof empiricalevaluatbnsthatthe proposedapproachwasso efficient thatit
was quicker to extract anincrementfrom the original databasehenapply I SE to
minesequentiapatternghanto usethe GSPalgorithm.Experiment®nincremen-
tal webusagemining werealsoperformedfor furtherinformationreferto [27].

Thereare variousavenuesfor future work on incrementalmining. Firstly, while
theincrementabpproacthis applicableto databasesyhich arefrequentlyupdated
whennew transaction®r new customersareaddedto an original databaseif also
appropriate¢o mary otherfields. For example,both electroniccommerceandweb
usagemining requiredeletionor modificationto be takeninto accountin orderto
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save storagespaceor becausenformationis no longerof interestor hasbecome
invalid. We arecurrentlyinvestigating how to manageheseoperationsn the I Se
algorithm

Secondwe arecurrentlystudyinghow to improve theoverall procesof incremen-
tal mining. By meansof experimentationwe would lik e to discover measuresghat
cansuggesto uswhenl se shout beappliedto find outthenew frequentsequences
in the updateddatabaseSuchan approachhasbeenproposedn anothercontext,
[28], basednasamplingtechniquan orderto estimatehedifferencebetweerold
andnew associationrules.We are currentlyinvestgating whetherothermeasures
couldbefoundby analyzingthe datadistribution of the original database.

A recaser

In [16], theauthorgproposeanincrementaminingalgorithm basednthe SFADE
approach11], which canupdatethe sequentiapatternsin a databasevhennew
transactionandnewv customersare added.lt is basedon anincrementsequence
lattice consistimg of all frequentsequenceandall sequencem thenegaive border
of theoriginal databaseT his negaive borderis the collectionof all sequencethat
are not frequentbut whosegeneratingsub-sequenceare both frequent.Further
more,the supportof eachmemberis alsoretainedin thelattice. The mainideaof
thisalgorithmis thatwhenincrementatiataarrivestheincrementapartis scanned
onceto incorporatethe new informatian in the lattice. Thennew datais combined
with thefrequentsequenceandnegative borderin orderto determinethe portions
of the original databasehat needto be re-scannedEven thoughthis approachis
very effective, maintainirg the negaive borderis very memoryconsuming andnot
appropriatdor very large databasefL6].
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