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Abstract

The discorery of frequentsequencei temporaldatabases an importantdatamining
problem.Most currentwork assumethatthedatabasés static,anda databasepdaterequires
rediscaering all the patternsby scanningthe entireold andnew databaseln this paper we
proposenovel techniquegor maintainingsequence thepresencef a) databasepdatesand
b) userinteraction(e.g. modifying mining parameters)This is a very challengingtask,since
suchupdatesaninvalidateexisting sequencesr introducenewn ones.In boththe abore sce-
narios,we avoid re-executingthe algorithmon the entire datasettherebyreducingexecution
time. Experimentaresultsconfirmthatour approachresultsin executiontime improvements
of up to severalordersof magnitudan practice.

1 Intr oduction

Dynamismandinteractvity areessentiafeaturef all humanendeaors,bethey in ascientificor
businessnterpriseThe collectionof informationanddatain variousfields senesasanexemplar
whereevery momentwe arefacedwith new content(dynamism)andarerequiredto manipulatat
(interactvity). For example,consideralargeretail storelik e Walmart,which hasa data-varehouse
morethan a terabytein size. In addition, Walmart collectsapproximately20 million customer
transactionsveryday It is simplyinfeasibleto minetheentiredatabaséheoriginalterabytedata-

warehouseandthe new transactionsgachtime an updateoccurs. As anotherexampleconsider
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Web Mining. Let’s assumave have minedinterestingbrowsing patternsat a popularportal site
like Yahoo! thatrecevesmillions of hits every day. Onceagainit is not practicalto re-minethe
sitelogseachtime anupdateoccurs.

Giventhe inherentlydynamicnatureof datacollection,it is someavhat surprisingthatincre-
mentaltechnique$ave recevedlittle to no attentionwithin knowledgediscoveryanddatamining.
It is worth notingthatwithoutincrementalityinteractvity alsoremainsadistantgoal. Trueinter-
actiity is not possiblef onceis forcedto re-minetheentiredatabasérom scratcheachtime. This
paperseekdo addresshe problemof mining frequentsequences dynamicandinteractve ervi-
ronmentsFor example,incrementalpdatef the mostfrequentsequencef itemspurchasedy
customersor real-timemining of browsingpatterngi.e., sequencesf web-pagespntheinternet.

Sequencenining is animportantdatamining task, whereone attemptsto discover frequent
sequencesver time, of attribute setsin large databasesThis problemwasoriginally motivated
by applicationgn the retail industry (e.g. the Walmartexamplefrom above), including attached
mailing, add-onsalesandcustomessatistiction. Besidegheretailandinternetexamplesjt applies
to mary otherscientificandbusinessdomains.For instancejn the healthcareindustryit canbe
usedfor predictingthe onsetof diseasérom asequencef symptomsandin thefinancialindustry
it canbeusedfor predictinginvestmentisk basedn a sequencef stockmarket events.

Discoveringall frequentsequences avery largedatabaseanbevery computeandl/O inten-
sive becausehesearchspacesizeis essentiallyexponentialin thelengthof thelongestiransaction
sequencén it. This high computationatostmay be acceptablavhenthe databasés staticsince
the discovery is doneonly once,and sereral approacheso this problemhave beenpresentedn
theliterature.However, mary domainssuchaselectroniccommercestockanalysiscollaboratve
sumery, etc., imposesoft real-timeconstraintson the mining process.In suchdomains,where
the databaseare updatedon a regular basisand userinteractionsmodify the searchparameters,

runningthe discovery programall over againis infeasible. Hence thereis a needfor algorithms



thatmaintainvalid minedinformationacrosd) databaseipdatesandii) userinteractiongmodi-
fying/constraininghe searchspace).

In this paperwe presenaamethodfor incrementalndinteractve sequencenining. Ourgoalis
to minimizethel/O andcomputatiorrequirement$or handlingincrementalipdatesOur algorith-
m accomplisheshis goalby maintaininginformationabout‘maximally frequent’and“minimally
infrequent” sequencesWhenincrementaldataarrives, the incrementalpart is scannednceto
incorporatethe new information. The new datais combinedwith the “maximal” and“minimal”
informationin orderto determinethe portionsof the original databas¢hatneedto bere-scanned.
This processs aidedby the useof a vertical databasdayout— whereattributesare associated
with thelist of transactionsn which they occur Theresultis animprovementin executiontime
by up to severalordersof magnituden practice,bothfor handlingincrementdo the databaseas
well asfor handlinginteractve queries.

Therestof thepapelis organizedasfollows. In Section2, we formulatethesequencéiscovery
problem. In Section3, we describethe SFADE algorithmuponwhich we build our incremental
approach.Section4 describesour incrementalsequencenining algorithm. In Section5, we de-
scribehow we supportonlinequerying.An experimentakvaluationis presentedn Section6. We

discusgelatedwork in Section7, andconcluden Section8.

2 Problem Formulation

In this section,we definethe incrementalsequencenining problemthatthis paperis concerned
with. We begin by definingthe notationwe use.Let theitems denotedZ, bethe setof all possible
attributes. We assumea fixed enumeratiorof all memberan Z andidentify the itemswith their
indicesin theenumerationAn itemsets a setof items. An itemsetis denotedoy the enumeration
of its elementsin increasingorder For anitemseti, its size denotedby |i|, is the numberof

elementsn it. An itemsetof sizek is calleda k-itemset



A sequencés anorderedist (orderedn time) of non-emptyitemsets A sequencef itemsets
ai, ..., o is denoteddy (g — --- — ). Thelengthof a sequencés the sumof the sizesof
eachof itsitemsetsFor eachintegerk, asequencef lengthk is calleda k-sequenceA sequencer
is asubsequencef asequencg, denotediy o < 3, if aw canbeconstructedrom S by striking out
some(or none)of theitemsin 3, andthenby eliminatingall theoccurrencesf ) — and— () oneat
atime. For example,B — AC is asubsequencef AB — E — ACD. We saythat« is aproper
subsequencef 5, denotedy < 3, if a # g anda < S. For k > 3, thegenemting subsequencesf
alengthk sequencarethetwo lengthk — 1 subsequencex o obtainedby droppingexactly oneof
its first or secondtems. By definition, the generatingsequencesharea commonsufix of length
k — 2. For example,thetwo generatingsubsequencesf AB — CD — E areA —- CD — E
andB — CD — E, andthey sharethe commonsufiix CD — E. A sequencés maximalin a
collectionC of sequences the sequenceés nota subsequencef ary othersequenceén C.

Our databasés a collectionof customes, eachwith asequencef transactionseachof which
is anitemset. For a databasd) anda sequencey, the supportor frequencyof « in D, denoted
by support (), is the numberof customersn D whosesequencesontaina asa subsequence.
Theminimum-suppottdenoteddy min_support, is auserspecifiedhresholdhatis usedto define
“frequentsequences”a sequencas frequentin D if its supportin D is at leastmin_support.
A rule A = B involving sequenced andsequence3 is saidto have confidence: if ¢% of the
customerghat containA also containB. Supposehat new dataé is to be addedto a database
D. Thenwe call D the original databaseandé the incrementaldatabase The updateddatabase
is denotedby D + §. For eachk > 1, F, denoteshe collectionof all frequentsequencesf
lengthk in theupdateddatabaseAlso F'S denoteshesetof all frequentsequences the updated
database.The ngyative border (NB) is the collection of all sequenceshat are not frequentbut
both of whosegeneratingsubsequencearefrequent. By the old sequencesye meanthe setof

all frequentsequences the original databas@ndby the new sequencese meanthe setof all



frequentsequences thejoin of theoriginalandtheincrement.

DATABASE SEQUENCE LATTICE
CID TID ltems NEGATIVE BORDER
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30 | AB 7 A
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50 B
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50 B FREQUENT SET: {A, A->A, B->A, B, AB, A->B, B->B, AB->B}

Figurel: Original Database
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Figure2: Original plusincrementaDatabasendLattice

For example,considerthe customeidatabasshown in Figurel. The databaséasthreeitems
(A, B, C), andfour customers.Thefigure alsoshavs the IncrementSequencé.attice (ISL) with
all the frequentsequencegthe frequeny is alsoshonvn with eachnode)andthe negative border

whena minimum supportof 75%, or 3 customersis used.For eachfrequentsequencethe figure
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shaws its two generatingsubsequences bold lines. Figure 2 shavs how the frequentsetand
the negative borderchangewhenwe mine over the combinedoriginal andincrementaldatabase
(highlightedin darkgrey). For example,C is notfrequentin the original database, but C' (along
with someof its supersequenceshecomedrequentafter the updated. The updatealsocauses
someelementdo movefrom NB to thenew FS.

Incremental SequenceDiscovery Problem: Givenan original databaseD of sequencesanda
new incremento thedatabasé, find all frequentsequencem thedatabase + ¢, with minimum
possiblerecomputatiorandl/O.

Somecommentsarein orderto seethe generalityof our problemformulation: 1) We discover
sequencesf subsetof items,andnot just singleitem sequenceskFor example,the itemsetC D
in (CD — FE). 2) We discover sequencesvith arbitrary gapsamongevents,and not just the
consecutie subsequenceds-or example,the sequencg A — A) is a subsequencef customerl
(seeFigurel), eventhoughthereis aninterveningtransaction.The sequencesymbol— simply
denotesa happens-afterelationship.3) Our formulationis generalenoughto encompasalmost
ary catgyorical sequentiadomain. For example,if the input-sequenceare DNA strings,thenan
eventconsistsof a singleitem (oneof A, C, G, T). If input-sequencegepresentext documents,
theneachword (alongwith ary other attributesof that word, e.g., noun, position, etc.) would
comprisean event. Even continuousdomainscan be representedfter a suitablediscretization

step.

3 The SPADE Algorithm

In this sectionwe describeSFADE [11], an algorithmfor fastdiscovery of frequentsequences,
which formsthebasisfor ourincrementahklgorithm.
Sequencelattice: SPADE usesthe obsenationthatthe subsequenceelation < definesa partial

orderonthesetof sequences.e.,if g is afrequentsequencehenall subsequences < 5 arealso



frequent. The algorithmsystematicallysearcheshe sequencdattice spannedy the subsequence
relation, from the mostgeneral(single items)to the mostspecificfrequentsequencegmaximal
sequencesin a depth-firstmanner For instance,in Figure 1, the bold lines correspondo the
latticefor the exampledataset.

Support Counting: Most of the currentsequencemining algorithms[8] assumea horizontal
databaséayoutsuchasthe oneshavn in Figurel. In the horizontalformat, the databaseonsists
of asetof customergcid’s). Eachcustomethasa setof transactiongtid’s), alongwith theitems
containedin the transaction.In contrast,we usea vertical databasdayout, wherewe associate
with eachitem X in the sequencéattice its idlist, denotedC(X'), which is a list of all customer
(cid) andtransactioridentifier (tid) pairscontainingtheitem. For example,theidlist for theitem

C in theoriginal databas€Figure1) would consistof thetuples{< 2,20 >, < 2,30 >}.

(Intersect A->B and B->B) - AB->B
(Intersect A and B’ CID | TID
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Figure3: A. FrequentSequenceéattice;B. Initial Idlist Databaseg. idlist Intersections

Giventhe peritem idlists, we caniteratively determinethe supportof ary k-sequencéy per
forming a temporaljoin on the idlists of its two generatingsequencegi.e., its (k — 1) length
subsequencethat sharea commonsuffix sequences)A simple checkon the support(i.e., the
numberof distinctcids) of theresultingidlist tells uswhetherthe new sequencés frequentor not.

Figure3 shawsthis procesgictorially. It shonvstheinitial verticaldatabasevith theidlist for each



item. Theintermediatadlist for A — B is obtainedby a temporaljoin on thelists of A and B.

Sincethe symbol— represents temporalrelationshipwe find all occurrence®f A beforea B

in a customers transactiorsequenceand storethe correspondindime-stampor tids, to obtain
L(A — B). We obtaintheidlist for AB — B by intersectinghe idlist of its two generatingse-
guencesA — B andB — B, but thistime we arelooking for equalityjoin, i.e., instancesvhere
A andB co-occurbeforea B. Sincewe alwaysjoin two sequencethatsharea commonsufix, it

sufficesto keeptrackof only thetid of thefirst item, asthetids of the sufiix remainfixed. Please
see[11] for exactdetailson how thetemporalandequalityjoins areimplemented.

If we hadenoughmain-memorywe couldenumeratell the frequentsequenceby traversing
the lattice, and performingintersectiongo obtain sequencesupports. In practice,however, we
only have alimited amountof main-memoryandall theintermediatadlistswill notfit in memory
SFADE breaksup this large searchspaceinto small, manageablehunksthat canbe processed
independentlyn memory This is accomplishediia sufix-basedequivalenceclasseqhenceforth
denotedas a class). We saythat two &k length sequencesire in the sameclassif they sharea
commonk — 1 lengthsuffix. Thekey obsenationis thateachclassis a sub-latticeof the original
sequencéatticeandcanbe processedhdependentlyEachsuffix classis independenin thesense
thatit hascompleteinformationfor generatingall frequentsequenceghat sharethe samesuffix.
For example,if aclass[X] hastheelements” — X, andZ — X astheonly sequencesheonly
possiblefrequentsequenceatthenext stepcanbeY - 7 - X, Z - Y — X,and(YZ) — X.
It shouldbeobviousthatno otheritem () canleadto afrequentsequencevith thesuffix X, unless
(QX) or@ — X isalsoin [X].

SFADE recursvely decomposethe sequenceateachnew level into evensmallerindependent
classesForinstanceatlevel oneit usessuffix classe®f lengthone(X,Y), atleveltwo it usessuffix
classe®f lengthtwo (X — Y, XY) andsoon. We referto level onesuffix classessparentclasses.

Thesesuffix classesare processedne-by-one.Figure4 shavs the pseudo-codésimplified for



BEGIN Enumerate-Frequent-Seq[S]):
for all elements; € [S] do
[Az'] = ;
for all elements4; € [S] do
R = A; U A;; I*sequence® formedby generating
subsequenced; and A; with A; asasuffix*/
idlist(R) = idlist(A;) Nidlist(A;);
if support(idlist(R)) > min_sup then
[Ai] = [A]] U{R};
for all [4;] # 0 do Enumeate-Fequent-Sg@4;]);
END Enumerate-Frequent-Seq[S]):

Figure4: Enumerating-requentSequences

exposition,see[11] for exactdetails)for the main procedureof the SFADE algorithm. Theinput
to the procedureis a class,along with the idlist for eachof its elements. Frequentsequences
are generatedy intersecting[11] the idlists of all distinct pairsof sequences eachclassand
checkingthe supportof the resultingidlist againstmin.sup The sequencefoundto be frequent
atthe currentlevel form classedor the next level. This level-wiseprocesss recursvely repeated
until all frequentsequencebave beenenumeratedln termsof memorymanagementt is easyto
seethatwe needmemoryto storeintermediatadlists for at mosttwo consecutie levels. Onceall
the frequentsequencefor the next level have beengeneratedthe sequenceat the currentlevel

canbedeleted.For moredetailson SFADE, see[11].

4 IncrementalMining Algorithm

Ourpurposeas to minimizere-computatioror re-scanningf theoriginal databasg&zhenmining se-
guencesn the presencef incrementgo thedatabasétheincrementsareassumedo beappended
to thedatabasd,e., laterin time).

In orderto accomplistthis, we useanefficient memorymanagemergchemehatindexesinto
thedatabasefficiently, andcreateanincremeniSequenceéattice(ISL), exploiting its propertieso

prunethesearchspaceor potentialnew sequencesrhelSL consistof all elementsn thenegative



borderandthe frequentset,andis initially constructedusingSFADE. In the ISL, the childrenof
eachnonemptysequenceare its generatingsubsequencesEachnode of the ISL containsthe

supportfor thegivensequence.

Theory of Incremental Sequences Let C', T" and I’ be the setof all cid’s, tid’s and items,
respectrely, thatappeaiin theincrementaparté. Define D’ to bethe setof all records(in D U 6)
with cid in C" and D" = D'\ §. For the sale of simplicity assumehatthereis no new customer
addedto the database.This implies that infrequentsequencesan becomefrequentbut not the
otherway around.We usethefollowing propertiesof thelatticeto efficiently performincremental
sequencenining.

By setinclusion-exclusion,we canupdatethe supportof asequencén F'S or NB basednits

supportin D" and D".

support p, 5(X) Q)

= support p(X) + support p,(X) — support pu (X).

This allows usto computethe supportat any nodein the lattice quickly, by limiting re-accesso

theoriginal databas¢o D”.

Proposition1 For everysequenceX,, if support ., 5(X) > support,(X), thenthelastitemof X

belongso I'.

This allows usto limit thenodesin the ISL thatarere-examinedto thosewith descendants
I.

We call asequencé” agenerting descendanof X if thereexistsalist (7, Zs, ..., Z,] of
sequencesuchthatz, = Y, Z,, = X, andforeveryi, 1 < i < m — 1, Z; is agenerating
subsequencef Z;, ;. We shawv thatthatif a sequencéasbecomea memberof FS U NB in the
updateddatabasehutit wasnotamembeibeforetheupdatethenoneof its generatinglescendants

wasin NB andnow isin FS.
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Proposition2 Let X bea sequenc®f lengthat least2. If X isin FSp,.s U NBp,s but notin

FSp U NBp, thenX hasageneiatingdescendanih NBp N FSp.s.

Proof Theproofis by inductionon k, thelengthof X. Let X; and X, bethetwo generating
subsequenceas X . Notethatif both X; and X, belongto FSp thenX isin F'Sp U NBp, which
contradictsour assumption.Therefore either X; or X, is outof F'Sp. For thebasecasek = 2,
since X; and X, areof length1, by definition both belongto F'Sp, U NBp, andby the above, at
leastonemustbein NBp. For X tobein FSp.s U NBp.s, X1 and X, mustbein FSps by
definition. Thusthe claim holds, sinceeither X; or X, mustbein NBp N FSp.5, andthey are
generatingdlescendantsf X. For theinductionstep,suppose: > 2 andthatthe claim holdsfor
all ¥ < k. SupposeX; and X, arebothin FSp U NBp. Then,eitherX; or X € NBp. We
know X € FSp,s U NBp,s, SO0 X; and X, belongto FSp,s. SinceX; and X, aregenerating
subsequences X, theclaim holdsfor X. Finally, we have to considerthe casewhereeither X,
or X, isnotin FSp U NBp. We know thatasX € FSp.s U NBp.s, both X; and X, belongto
FSp.s UNBp,s. Now supposehat X, ¢ FSp U NBp. Weknow thatX isin FSp.s U NBp.s,
Xiisin FSp,s U NBp,s. Thereforefrom theinductionstep(since X; haslengthlessthank) the
claim holdsfor X;. Let Y beageneratinglescendangatisfyingthe claimfor X,. SinceX; is a
generatinggubsequencef X, Y is alsoageneratinglescendantf X . Thustheclaim holdsfor k.
Thesameargumentcanbeappliedto thecasewhenX, ¢ FS, U NBp. [

Proposition2 limits the additionalsequencegnot found in the original ISL) that needto be

examinedto updatethe ISL.

Memory Management SFADE simply requiresperitemidlists. For incrementamining, in or-
derto limit accessew® customeranditemsin theincrementwe useatwo level disk-file indexing
scheme.However, sincethe numberof customerss unboundedwe usea hashingmechanism

describedelow.
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Theverticaldatabasés partitionedinto a numberof blockssuchthateachindividual block fits
in memory Eachblock containsthe vertical representationf all transactionsnvolving a setof
customers.Within eachblock thereexists anitem dereferencingrray pointingto the first entry
for eachitem. Givena customerandanitem, we first identify the block containingthe customers
transactionsisinga first level cid-index (hashfunction). The secondtem-indec thenlocatesthe
itemwithin thegivenblock. After thiswe performalinearsearcHor theexactcustomeidentifier.
Using this two level indexing schemewe can quickly jump to only that portion of the database
whichwill be affectedby the update without having to touchthe entiredatabaseNote thatusing
a vertical dataformatwe were ableto efficiently retrieve all affecteditem’s cids, without having
to touchthe entiredatabaseThis is not possiblein the horizontalformat, sincea givenitem can

appeain ary transactionyhichis foundby scanningheentiredata.

PHASE 2:

. , . , 1. for eachitem in NB-to-F$1]
/ "

1. computeD'(3), D" (i) for all items: 2. construcsufix classlil;

. .. I
g. for all itemsi in I. 3. NB-to-F$2].enqueudf));
. Q.enqueue); 4.for (k=2to0..)

4. while (@ is notempty) 5. for eachclassC in NB-to-F$k]
5. p=(Q.dequeue()ComputeSupportp); 6. Enumeate-Fequent-Seg):

6. if (supportp) > min_sup)

7.  k=length(p);

8. if (p isin theneggative border)
9. NB-to-F$k].enqueuey);
10.  elseif (D'(p) # 0)

PHASE 1:

Compute_Support(p):

1. A = generatingsubsequenced)

2. B = generatingsubsequencez);

3. supportp(p) = intersectD’(A), D'(B));

11. for all & + 1_—sequence§ in ISL thatare 4. supportpy (p) = intersectD"” (A), D' (B)):
12. generatingascendentsf p 5. support(p) — support(p) + supporty(p)
13. Q.enqueue(S); - SUppori(p) = Support\p pportp

—supportpr (p);

Figure5: ThelSM Algorithm

Incremental SequenceMining (ISM) Algorithm  Ourincrementabklgorithmmaintainsthein-
crementakequencdattice, ISL, which consistsof all thefrequentsequenceandall sequencem
thenegative borderin the original databaseThe supportof eachmembelis keptin thelattice,too.

Therearetwo propertienf incrementsve areconcernedvith: whethemew customersareadded
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andwhethemew transactionsireadded Wefirst checkwhetheranew customers added If so,the
minimumsupportn termsof thenumberof transactionss raised.We examinetheentirelSL from

the 1-sequencetowardslongerandlongersequenceto computewhereeachsequencdelongs.
More precisely for eachsequenceX thathasbeenreclassifiedrom frequentto infrequent,if its

two generatingequencearestill frequentwe make X asanegative borderelementotherwise X

is eliminatedfrom thelattice. Thenwe default to the algorithmdescribedelow (seeFigure5).

The algorithmconsistof two phasesPhasel is for updatingthe supportof elementsn NB
and F'S andPhase? is for addingto NB and F'S beyondwhatwasdonein Phasel. To describe
thealgorithm,for asequence we represenby D’(p) and D" (p) theverticalid-list of p in D’ and
thatin D", respectiely.

Phasel begins by generatingthe single item componentof ISL: For eachsingle item se-
quence®, we computeD’ (p) and D" (p) andputp into aqueue), whichis emptyatthebeginning
of computation.Thenwe repeathe following until @ is empty: We dequeuaneelementp from
. We updatehesupporiof p usingthe subroutinegComputeSupportwhichcomputeghesupport
basedn Equationl. Oncethesupportis updatedif thesequence (of lengthk) is in thefrequent
set(line 10), all lengthk + 1 sequencethatarealreadyin ISL andthataregeneratingascendents
of p arequeuednto Q. If thesequencey, is in thenegative border(line 8) andits supportsuggests
it is frequentthenthis elements placedin NB-to-F3k]|.

At theendof Phasel, we have exactandup-to-datesupportsfor all elementsn the ISL. We
furtherhave alist of elementghatwerein the negative borderbut have becomédrequentasaresult
of thedatabaséencrementin NB-to-Fg. In theexamplein Figuresl and2, thefollowing elements
hadsupportsupdatedA - A - A, B—+A—-AA—-A—-BB—A— B A—B— B,
andC. Of thesethe following moved from the negative borderto the frequentset: A — A —
B,A — B — B,andC.

We next describePhase2 (seeFigure5). As to Phasel, at the endof Phasel the NB-to-FS

13



is a list (or an array) of hashtablescontainingelementshat havze moved from NB to FS. By
Proposition2 theseare the only suffix-basedclassesve needto examine. For all 1-sequences
that have moved we intersectit with all possibleother frequentl-sequencesWe add all such
frequent2-sequencemto the queueNB-to-F32] for further processingln our runningexample
in Figuresl and2, A — C and B — C areaddedto the NB-to-F32] table. At the sametime
all otherevaluatedwo-sequencemvolving C' thatwerenotfrequentareplacedin NBps. Thus,
C — A, C — B,AC, BC andC — C areplacedn NBp,s. Thenext stepin Phase isto, starting
with the hashtablecontaininglengthtwo sequencegick anelementhathasnot beenprocessed
andcreatethe list of frequentsets,alongwith associatedd-lists from D U §, in its equivalence
class. The next stepis to passthe resultingequialenceclassto Enumeate-Fequent-Setwhich
addsarny new frequentsequence®r new negatve borderelementsand associatedlementsto
thelSL. We repeathis until all the NB-to-FStablesareempty As anexample,let usconsiderthe
equvalenceclassassociatetvith A — C. FromFiguresl and2 we seethattheonly otherfrequent
sequencef its sufiix classis B — C. As boththeabove sequencearefrequent,they areplaced
in F'Sp.s. Recursvely enumeratinghe frequentitemsetsresultsin the sequencest - A — C
andA — B — C beingaddedo FSp,s. Similarly, thesequenceslB - C,B - A —-C,B —

B—-CA—>A—A—C,andA - A — B — (C areaddedo NBp;.

5 Interactive SequenceMining

Theideain interactve sequencenining is thatan enduserbe allowed to querythe databasdor
associatiomulesatdiffering valuesof supporiandconfidence Thegoalis to allow suchinteraction
without excessve I/O or computation.Interactve usageof the systemnormally involvesa lot of
manualtuning of parameterand re-submissiorof queriesthat may be very demandingon the
memorysubsystenof thesener. In mostcurrentalgorithms multiple passesiave to be madeover

the databasdor each< support, con fidence > pair. This leadsto unacceptableesponsdimes
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for online queries.Our approacho the problemof supportingsuchqueriesefficiently is to create
pre-processesgummarieshatcanquickly respondo suchonlinequeries.

A typical setof querieshatsucha systemcould supportinclude:

i) Simple Queries: identify therulesfor supportx%, confidencey%.

i) Refined queries: wherethe supportvalueis modified (z 4+ y or z — y) involvesthe same
procedure.

i) Quantified Queries: identify the k mostimportantrulesin termsof support,confidencepairs
or find out for whatsupport/confidencealuescanwe generatexactly k rules.

iv) Including Queries: find therulesincludingitemsetsy, . . ., i,.

v) Excluding Queries: computetherulesexcludingitemsetsi, . . ., i,.

vi) Hierar chical Queries: treatitemsi; (coke), .. ., i, (pepsi),asoneitem (cola) andreturnthe
new rules.

Our approacho the problemof supportingsuchqueriesefficiently is to adaptthe Increment
Sequencé.attice. The preprocessingtepof the algorithminvolvescomputingsucha lattice for a
smallenoughsupportS,,;,, suchthatall future querieswill involve a supportS largerthans,, ;.
In orderto handlecertainquerieqIncluding, Excluding etc.),we modify thelatticeto allow links
from a k-lengthsequencéo all its £ subsequences lengthk — 1 (ratherthanjustits generating
subsequenceskivensuchalattice,we canproduceanswergo all but one(Hierar chical queries)
of the queriesdescribedn the previous sectionat interactve speedswithout going backto the
original databaseThis is easyto seeasall of the querieswill basicallyinvolve aform of pruning
overthelattice. A lattice,asopposedo aflat file containingtherelevantsequencess animportant
datastructureasit permitsrapidpruningof relevantsequences€xactlyhow we dothisis discussed
in moredetailin [7].

Hierar chical queries requirethe algorithmto treata setof relateditemsasone superitem.

For examplewe maywantto treatchips,cookies peanutsetc. all togetherasa singleitem called
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“snacks”. We would like to know whatarethe frequentsequencesvolving this superitem. To
generatehe resultingsequencesye have to modify the SFADE algorithm. We reconstructhe
id-list for thenew item (44, . . ., i,,) via aspecialunionoperatorandwe remove from consideration
theindividual itemsiy, ..., i,. Then,we rerunthe equivalenceclassalgorithmfor this new item

andreturnthesetof frequentsequences.

6 Experimental Evaluation

All theexperimentsavereonasingleprocessoof a DECStation4100usingamaximumof 256 MB
of physicalmemory The DECStatior4100contains4 600MHzAlpha 21164processorsNo other
userprocessesvererunningat thetime. We useddifferentsyntheticdatabasewith sizeranging
from 20MB to 55MB, which were generatedisingthe proceduredescribedn [8]. Althoughthe
size of our benchmarkdatabaseit in memory our goal is to work with out-of-coredatabases.
Hence we assumehatthe databaseesideson disk.

The datasetsare generatedising the following process.First N; itemsetsof averagesize I
are generatedy choosingfrom N items. Then Ng sequencesf averagelength S are created
by assigningtemsetsfrom N; to eachsequenceNext, a customerof averagel’ transactionss
createdandsequences Ng areassignedo differentcustomerelementsrespectinghe average
transactiorsizeof 7. ThegeneratiorstopswhenC customerfiave beengeneratedTable 1 showvs

thedatabasessedandtheir properties Thetotal numberof transactionss denotedas|D|, average

transactiorsizepercustomeiasT’, andthetotal numberof customers’. The parametersve used
were N = 1000, N; = 25000, I = 1.25, Ng = 5000, S = 4. Pleasesee[8] for furtherdetailson
thedatasegeneratiorprocess.

To evaluatethe incrementalalgorithm, we modified the databasegenerationmechanismnto
constructtwo datasets— one correspondingo the original databaseand one correspondingo

theincrementdatabaseTheinputto thegeneratorlsoincludedanincrementpercentageoughly
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Database| C T |D| Total Size

C100.T10| 100000| 10 | 1000,000{ 20MB
C100.T12| 100000| 12 | 1200,000{ 25MB
C100.T15| 100000| 15 | 1500,000, 30MB
C150.T7T10| 150000| 10 | 1500,000{ 31MB
C200.T7T10| 200000| 10 | 2000,000{ 42MB

C250.7T10| 250000/ 10 | 2500,000 55MB

Tablel: Databaseroperties
correspondingo the numberof customersn theincrementandthe percentagef transactiongor

eachsuchcustomerthatbelongsin the incrementdatabaseAssumingthe databaséeinglooked
atis C100.T10,if we setthe incrementpercentageo 5% andthe percentagef transactiongo
20%,thenwe could expect5000customerg5% of 100,000)to belongto C’, eachof whichwould
containon averagetwo transactiong20% of 10) in the incrementdatabase.The actualnumber
of customersn the incrementis determinedoy draving from a uniform distribution (increment
percentagasparameter)Similarly, for eachcustomein theincrementhe numberof transactions

belongingto the incrementis alsodravn from a uniform distribution (transactiornpercentageas

parameter).
Database | Simple| Refined(0.005) Priority(50) | Including | Excluding| SFADE
C100K.T10| 0.06 0.011 1.11 negligible 0.07 75
C100K.T12| 0.06 0.014 1.08 negligible 0.06 82
C100K.T15| 0.08 0.026 1.90 negligible 0.08 90
C150K.T10| 0.085 0.022 2.48 negligible 0.09 94
C200K.T10| 0.08 0.022 15 negligible 0.08 102
C250K.T10| 0.044 0.02 1.28 negligible 0.16 150

Table2: Interactve PerformanceTime in Seconds
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Incremental Performance: For thefirst experiment(seeFigure6), we variedthe incrementper

centagdor 4 databasewnhile fixing the transactiorpercentagéo 20%. We ranthe SFADE algo-

rithm onthe entiredatabaséoriginal andincrement)}combined andevaluatedthe costof running

justtheincrementahlgorithm(afterconstructinghelSL from theoriginal databasefor increment

databasealuesof five,threeandonepercent For eachdatabaseye alsoevaluatedhebreakdevn

of the costof the incrementaklgorithmphases.The resultsshawv thatthe speedup®btainedby

usingtheincrementablgorithmin comparisorio re-runningthe SFADE algorithmover the entire

databaseangefrom afactorof 7 to overtwo ordersof magnitude.As expected,on moving from

a largerincrementvalueto a smallerone,the improvementsancreasesincethereare fewer new

sequencefom asmallerincrement.

The breakdaevn figuresreveal that the phaseonetime is pretty negligible, requiringunderl
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secondor all the datasetgor all incrementvalues.It alsoshavs thatthe phasetwo times,while
anorderof magnituddargerthanthe phaseonetimes,arestill muchfasterthanre-executingthe
entirealgorithm. Further while increasingdatabaseizedoesincreasehe overall runningtime of
phase?, it doesnotincreaseatthesamerateasre-executingtheentirealgorithmfor thesedatasets.
The secondexperimentwe conductedvasto vary the supportsizesfor a givenincrementsize
(1%), andfor two databasesThe resultsfor this experimentare documentedn Figure7. For
bothdatabasessthe supportsizeis increasedthe executiontime of phasel andphase2 rapidly
approache$®. This is not surprisingwhenyou considerthat at higher supports,the numberof
elementsin the ISL are fewer (affecting phasel) and the numberof new sequenceare much

smaller(affectingphase2).
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Thethird experimentwe conductedvasto keepthe supportthe numberof customersandthe
transactiorpercentageonstani0.24%,100,000,and20% respectiely), andvary the numberof
transactiongper customer(10, 12, and 15). Figure 8 depictsthe breakdavn of the two phaseof
the ISM algorithmfor varying incrementvalues. We seethatmoving from 10 to 15 transactions
percustomerthe executiontime of bothphasegrogressiely increasegor all databaséncrement
sizes. This is becausdhe numberof sequences the ISL are more (affecting phasel)andthe
numberof new sequencearealsomore (affectingphase?2).

Interacti ve Performance: In this section,we evaluatethe performanceof the interactve queries
describedn Sectionb. All theinteractve queryexperimentsvereperformednaSUN UltraSparc,
167MHz processomwith 256 MB of memory We ervisageoff-loading the interactve querying
featureontoclient machinesasopposedo executingon the sener, andshippingtheresultsto the
datamining client. Thuswe wantedto compareexecutinginteractve querieson aslowermachine.
Anotherreasonfor evaluatingthe querieson a slower machineis thatthe relative speedsof the
variousinteractve queriess betterseenon a slower machinglonthe DECsall queriesexecutedn

negligible time).

Sincehierarchicalqueriessimply entail a modified executionof phase2, we do not evaluate
it again. We evaluatedsimple queryingon supportsrangingfrom 0.1%-0.25% refinedquerying
(supportrefinedto 0.5%for all thedatasets)priority querying(queryingfor the 50 sequencewith
highestsupport),including queries(including a randomitem) and excluding queries(excluding
a randomitem). Resultsare presentedn Table 2 alongwith the costof rerunningthe SFADE
algorithm on the DEC machine. We seethat the queryingtime for refined, priority, including
andexcludingqueriesarevery low andcapableof achieving interactve speedsThe priority query
takesmoretime, sinceit hasto sortthesequenceaccordingo supportvalue,andthis sortingdom-
inatesthe computatiortime. Comparingwith rerunningSFADE (on a muchfasterDEC machine)

we seethattheinteractve queryingis severalordersof magnitudeasterin spiteof executingit on
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amuchslower machine.

7 RelatedWork

SequenceMining: The conceptof sequencenining asdefinedin this paperwasfirst described
in [8]. Recently SFADE [11] wasshown to outperformthe algorithmpresentedn [8] by afactor
of two in the generalcase,and by a factor of ten with a pre-processingtep. The problem of
finding frequentepisodesn a singlelong sequencef eventswaspresentedn [5]. The problem
of discovering patternan multiple eventsequencewasstudiedin [6]; they searchtherule space
directly insteadof searchinghe sequencspaceandthenforming therules.

Incremental SequenceMining: Therehasbeenalmostno work addressingheincrementaimin-
ing of sequences.One relatedproposalin [10] usesa dynamicsuffix tree basedapproachto
incrementalmining in a single long sequence.However, we are dealingwith sequenceacross
differentcustomersi.e., multiple sequencesf setsof itemsasopposedo a singlelong sequence
of items. The otherclosestwork is in incrementalassociatiormining [2, 3, 9] However, there
areimportantdifferenceghatmake incrementakequencenining a moredifficult problem.While
associatiorrulesdiscover only intra-transactiompatterngitemsets)we now alsohave to discover
inter-transactiorpatterngsequences)rhe setof all frequentsequences anunboundeduperset
of the setof frequentitemsets(bounded). Hence,sequencesearchis much more complex and
challenginghanthe itemsetsearchtherebyfurthernecessitatingastalgorithms.

Interactive SequenceMining A mine-and-gamine paradigmfor interactve exploration of as-
sociationsand sequenceepisodesvas presentedn [4]. Similar paradigmshave beenproposed
exclusively for association$l]. Our interactve approachacklesa differentproblem(sequences

acrosdifferentcustomersandsupportsa wider rangeof interactve queryingfeatures.
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8

Conclusions

In this paperwe proposenovel techniqueshatmaintaindatastructuregor mining sequences the

presencef a) databasepdatesandb) userinteraction.Resultobtainedshov speedupfrom sev-

eralfactorsto two ordersof magnitudegor incrementaminingwhencomparedvith re-executinga

state-of-the-arsequencenining algorithm. Resultsfor interactve approacheareevenbetter At

the costof maintaininga summarydatastructure theinteractve approactperformsseveralorders

of magnitudefasterthanary currentsequencemining algorithm. One of the limitations of the

incrementalapproachproposedn this paperis the size of the negative border andthe resulting

memory utilization. We are currently investigatingmethodsto alleviate this problem,either by

refiningthealgorithmor by performingout-of-corecomputation.
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