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Abstract

The discovery of frequentsequencesin temporaldatabasesis an importantdatamining
problem.Mostcurrentwork assumesthatthedatabaseis static,andadatabaseupdaterequires
rediscovering all thepatternsby scanningtheentireold andnew database.In this paper, we
proposenovel techniquesfor maintainingsequencesin thepresenceof a)databaseupdates,and
b) userinteraction(e.g. modifying mining parameters).This is a very challengingtask,since
suchupdatescaninvalidateexisting sequencesor introducenew ones.In boththeabove sce-
narios,we avoid re-executingthealgorithmon theentiredataset,therebyreducingexecution
time. Experimentalresultsconfirmthatour approachresultsin executiontime improvements
of up to severalordersof magnitudein practice.

1 Intr oduction

Dynamismandinteractivity areessentialfeaturesof all humanendeavors,bethey in ascientificor

businessenterprise.Thecollectionof informationanddatain variousfieldsservesasanexemplar,

whereeverymomentwearefacedwith new content(dynamism)andarerequiredto manipulateit

(interactivity). For example,considera largeretailstorelikeWalmart,whichhasadata-warehouse

more than a terabytein size. In addition,Walmart collectsapproximately20 million customer

transactionseveryday. It is simplyinfeasibleto minetheentiredatabase(theoriginalterabytedata-

warehouse,andthenew transactions)eachtime an updateoccurs. As anotherexampleconsider�
This work wassupportedin partby NSFgrantsCDA–9401142,CCR–9702466,CCR–9705594,CCR–9701911,

CCR–9725021,INT-9726724,anda DARPA grantF30602-98-2-0133; andan externalresearchgrant from Digital
EquipmentCorporation.
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Web Mining. Let’s assumewe have minedinterestingbrowsing patternsat a popularportal site

like Yahoo! that receivesmillions of hits every day. Onceagainit is not practicalto re-minethe

sitelogseachtimeanupdateoccurs.

Given the inherentlydynamicnatureof datacollection,it is somewhat surprisingthat incre-

mentaltechniqueshavereceivedlittle to noattentionwithin knowledgediscoveryanddatamining.

It is worth notingthatwithout incrementality, interactivity alsoremainsa distantgoal. Trueinter-

activity is notpossibleif onceis forcedto re-minetheentiredatabasefrom scratcheachtime. This

paperseeksto addresstheproblemof mining frequentsequencesin dynamicandinteractiveenvi-

ronments.For example,incrementalupdatesof themostfrequentsequenceof itemspurchasedby

customers,or real-timeminingof browsingpatterns(i.e.,sequencesof web-pages)on theInternet.

Sequencemining is an importantdatamining task,whereoneattemptsto discover frequent

sequencesover time, of attribute setsin large databases.This problemwasoriginally motivated

by applicationsin the retail industry(e.g. theWalmartexamplefrom above), includingattached

mailing,add-onsalesandcustomersatisfaction.BesidestheretailandInternetexamples,it applies

to many otherscientificandbusinessdomains.For instance,in thehealthcareindustryit canbe

usedfor predictingtheonsetof diseasefrom asequenceof symptoms,andin thefinancialindustry

it canbeusedfor predictinginvestmentrisk basedonasequenceof stockmarketevents.

Discoveringall frequentsequencesin avery largedatabasecanbeverycomputeandI/O inten-

sivebecausethesearchspacesizeis essentiallyexponentialin thelengthof thelongesttransaction

sequencein it. This high computationalcostmaybeacceptablewhenthedatabaseis staticsince

the discovery is doneonly once,andseveral approachesto this problemhave beenpresentedin

theliterature.However, many domainssuchaselectroniccommerce,stockanalysis,collaborative

surgery, etc., imposesoft real-timeconstraintson the mining process.In suchdomains,where

the databasesareupdatedon a regular basisanduserinteractionsmodify the searchparameters,

runningthediscovery programall over againis infeasible.Hence,thereis a needfor algorithms
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thatmaintainvalid minedinformationacrossi) databaseupdates,andii) userinteractions(modi-

fying/constrainingthesearchspace).

In thispaper, wepresentamethodfor incrementalandinteractivesequencemining. Ourgoalis

to minimizetheI/O andcomputationrequirementsfor handlingincrementalupdates.Ouralgorith-

m accomplishesthisgoalby maintaininginformationabout“maximally frequent”and“minimally

infrequent”sequences.When incrementaldataarrives, the incrementalpart is scannedonceto

incorporatethenew information. Thenew datais combinedwith the “maximal” and“minimal”

informationin orderto determinetheportionsof theoriginal databasethatneedto bere-scanned.

This processis aidedby the useof a vertical databaselayout — whereattributesareassociated

with the list of transactionsin which they occur. The resultis an improvementin executiontime

by up to severalordersof magnitudein practice,bothfor handlingincrementsto thedatabase,as

well asfor handlinginteractivequeries.

Therestof thepaperis organizedasfollows. In Section2,weformulatethesequencediscovery

problem. In Section3, we describethe SPADE algorithmuponwhich we build our incremental

approach.Section4 describesour incrementalsequencemining algorithm. In Section5, we de-

scribehow wesupportonlinequerying.An experimentalevaluationis presentedin Section6. We

discussrelatedwork in Section7, andconcludein Section8.

2 ProblemFormulation

In this section,we definethe incrementalsequencemining problemthat this paperis concerned

with. Webegin by definingthenotationweuse.Let the items, denoted� , bethesetof all possible

attributes. We assumea fixedenumerationof all membersin � andidentify the itemswith their

indicesin theenumeration.An itemsetis asetof items.An itemsetis denotedby theenumeration

of its elementsin increasingorder. For an itemset � , its size, denotedby � ��� , is the numberof

elementsin it. An itemsetof size � is calleda � -itemset.
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A sequenceis anorderedlist (orderedin time) of non-emptyitemsets.A sequenceof itemsets

�
	���
�
�
������ is denotedby � �
	�� ������� ����� . The lengthof a sequenceis thesumof thesizesof

eachof its itemsets.For eachinteger � , asequenceof length � is calleda � -sequence. A sequence�
is asubsequenceof asequence� , denotedby ��� � , if � canbeconstructedfrom � by strikingout

some(or none)of theitemsin � , andthenby eliminatingall theoccurrencesof � � and � � oneat

a time. For example, � !#" is asubsequenceof !  � $%� !&"(' . Wesaythat � is aproper

subsequenceof � , denoted��) � , if �+*, � and ��� � . For �.-+/ , thegeneratingsubsequencesof

alength � sequencearethetwo length �
021 subsequencesof � obtainedby droppingexactlyoneof

its first or seconditems.By definition,thegeneratingsequencessharea commonsuffix of length

�3054 . For example,the two generatingsubsequencesof !  � "('6� $ are !7� "('6� $
and  � "8'9� $ , andthey sharethecommonsuffix "8'9� $ . A sequenceis maximalin a

collection : of sequencesif thesequenceis not asubsequenceof any othersequencein : .

Our databaseis acollectionof customers, eachwith asequenceof transactions, eachof which

is an itemset. For a database' anda sequence� , the supportor frequencyof � in ' , denoted

by ;�<�=>=@?BA�CEDF� �
� , is thenumberof customersin ' whosesequencescontain � asa subsequence.

Theminimum-support, denotedby GIHKJ ;�<L=>=@?BA�C , is auser-specifiedthresholdthatis usedto define

“frequentsequences”:a sequenceis frequentin ' if its supportin ' is at least GIHKJ ;�<L=>=@?BA�C .
A rule !NM  involving sequence! andsequence is saidto have confidenceO if O % of the

customersthat containA alsocontainB. Supposethat new data P is to be addedto a database

' . Thenwe call ' theoriginal databaseand P the incrementaldatabase. Theupdateddatabase

is denotedby 'RQ P . For each �S- 1 , T#U denotesthe collectionof all frequentsequencesof

length � in theupdateddatabase.Also V
W denotesthesetof all frequentsequencesin theupdated

database.The negativeborder ( X�Y ) is the collectionof all sequencesthat arenot frequentbut

both of whosegeneratingsubsequencesarefrequent. By the old sequences,we meanthe setof

all frequentsequencesin the original databaseandby the new sequenceswe meanthe setof all
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frequentsequencesin thejoin of theoriginal andtheincrement.
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For example,considerthecustomerdatabaseshown in Figure1. Thedatabasehasthreeitems

( !8�  �Z" ), andfour customers.Thefigurealsoshows theIncrementSequenceLattice(ISL) with

all the frequentsequences(the frequency is alsoshown with eachnode)andthenegative border,

whena minimumsupportof 75%,or 3 customers,is used.For eachfrequentsequence,thefigure
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shows its two generatingsubsequencesin bold lines. Figure2 shows how the frequentsetand

the negative borderchangewhenwe mine over the combinedoriginal andincrementaldatabase

(highlightedin darkgrey). For example," is not frequentin theoriginaldatabase' , but " (along

with someof its super-sequences)becomesfrequentafter the updateP . The updatealsocauses

someelementsto movefrom X�Y to thenew V[W .

Incr emental SequenceDiscovery Problem: Givenan original database' of sequences,anda

new incrementto thedatabaseP , find all frequentsequencesin thedatabase'\Q P , with minimum

possiblerecomputationandI/O.

Somecommentsarein orderto seethegeneralityof our problemformulation:1) Wediscover

sequencesof subsetsof items,andnot just singleitem sequences.For example,the itemset "('
in � "8' � $]� . 2) We discover sequenceswith arbitrary gapsamongevents,andnot just the

consecutive subsequences.For example,thesequence� !^� !&� is a subsequenceof customer1

(seeFigure1), even thoughthereis an interveningtransaction.The sequencesymbol � simply

denotesa happens-afterrelationship.3) Our formulationis generalenoughto encompassalmost

any categoricalsequentialdomain.For example,if the input-sequencesareDNA strings,thenan

eventconsistsof a singleitem (oneof !_�Z"`�Zab�Ec ). If input-sequencesrepresenttext documents,

theneachword (alongwith any otherattributesof that word, e.g.,noun,position, etc.) would

comprisean event. Even continuousdomainscanbe representedafter a suitablediscretization

step.

3 The SPADE Algorithm

In this sectionwe describeSPADE [11], an algorithmfor fastdiscovery of frequentsequences,

which formsthebasisfor our incrementalalgorithm.

SequenceLattice: SPADE usestheobservationthat thesubsequencerelation � definesa partial

orderonthesetof sequences,i.e., if � is afrequentsequence,thenall subsequences�d� � arealso
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frequent.Thealgorithmsystematicallysearchesthesequencelatticespannedby thesubsequence

relation,from the mostgeneral(single items)to the mostspecificfrequentsequences(maximal

sequences)in a depth-firstmanner. For instance,in Figure 1, the bold lines correspondto the

latticefor theexampledataset.

Support Counting: Most of the currentsequencemining algorithms[8] assumea horizontal

databaselayoutsuchastheoneshown in Figure1. In thehorizontalformat,thedatabaseconsists

of a setof customers(cid’s). Eachcustomerhasa setof transactions(tid’s), alongwith theitems

containedin the transaction.In contrast,we usea vertical databaselayout, wherewe associate

with eachitem e in thesequencelattice its idlist, denotedfg�he � , which is a list of all customer

(cid) andtransactionidentifier (tid) pairscontainingtheitem. For example,the idlist for the item

C in theoriginal database(Figure1) wouldconsistof thetuples ikjl4 � 4nm]o � jl4 � /�m]ogp .
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Giventheper item idlists, we caniteratively determinethesupportof any � -sequenceby per-

forming a temporaljoin on the idlists of its two generatingsequences(i.e., its �q�r0s1 � length

subsequencesthat sharea commonsuffix sequences).A simple checkon the support(i.e., the

numberof distinctcids)of theresultingidlist tellsuswhetherthenew sequenceis frequentor not.

Figure3 showsthisprocesspictorially. It showstheinitial verticaldatabasewith theidlist for each
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item. The intermediateidlist for !^�  is obtainedby a temporaljoin on the lists of ! and  .

Sincethesymbol � representsa temporalrelationship,we find all occurrencesof ! beforea  
in a customer’s transactionsequence,andstorethe correspondingtime-stampsor tids, to obtain

f`� !s�  � . We obtainthe idlist for !  �  by intersectingthe idlist of its two generatingse-

quences,!S�  and  �  , but this time we arelooking for equalityjoin, i.e., instanceswhere

! and  co-occurbeforea  . Sincewe alwaysjoin two sequencesthatsharea commonsuffix, it

sufficesto keeptrackof only thetid of thefirst item, asthetids of thesuffix remainfixed. Please

see[11] for exactdetailsonhow thetemporalandequalityjoinsareimplemented.

If we hadenoughmain-memory, we couldenumerateall thefrequentsequencesby traversing

the lattice, andperformingintersectionsto obtainsequencesupports. In practice,however, we

only havealimited amountof main-memory, andall theintermediateidlistswill notfit in memory.

SPADE breaksup this large searchspaceinto small, manageablechunksthat canbe processed

independentlyin memory. This is accomplishedvia suffix-basedequivalenceclasses(henceforth

denotedas a class). We say that two � length sequencesare in the sameclassif they sharea

common�t0l1 lengthsuffix. Thekey observationis thateachclassis a sub-latticeof theoriginal

sequencelatticeandcanbeprocessedindependently. Eachsuffix classis independentin thesense

that it hascompleteinformationfor generatingall frequentsequencesthatsharethesamesuffix.

For example,if aclass u erv hastheelementsw � e , and x � e astheonly sequences,theonly

possiblefrequentsequencesat thenext stepcanbe w � x � e , x � w � e , and �yw]x �z� e .

It shouldbeobviousthatnootheritem { canleadto a frequentsequencewith thesuffix e , unless

�q{ge � or { � e is alsoin u erv .
SPADE recursively decomposesthesequencesateachnew level into evensmallerindependent

classes.For instance,atleveloneit usessuffix classesof lengthone(X,Y), atlevel two it usessuffix

classesof lengthtwo (X � Y, XY) andsoon. Wereferto level onesuffix classesasparentclasses.

Thesesuffix classesareprocessedone-by-one.Figure4 shows the pseudo-code(simplified for
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BEGIN Enumerate-Frequent-Seq(|~}�� ):
for all elements������|~}�� do| �������d� ;

for all elements�
����|~}�� do� ��� ��� � � ; /*sequencesR formedby generating
subsequences�
� and ��� with ��� asasuffix*/�y�n�������Z� ���

=
�q�B���q����� �
� ��� �y�B���q����� ��� � ;

if
���B�L���� ������q�B���q����� ���¡��¢¤£ �y¥ ���L�

then| �������5| ����� �2¦ �#§ ;
for all | � � ��¨�d� do Enumerate-Frequent-Seq( | � � � );

END Enumerate-Frequent-Seq(|~}�� ):

Figure4: EnumeratingFrequentSequences

exposition,see[11] for exactdetails)for themainprocedureof theSPADE algorithm. Theinput

to the procedureis a class,along with the idlist for eachof its elements. Frequentsequences

aregeneratedby intersecting[11] the idlists of all distinct pairsof sequencesin eachclassand

checkingthesupportof the resultingidlist againstmin sup. The sequencesfound to be frequent

at thecurrentlevel form classesfor thenext level. This level-wiseprocessis recursively repeated

until all frequentsequenceshavebeenenumerated.In termsof memorymanagement,it is easyto

seethatwe needmemoryto storeintermediateidlists for at mosttwo consecutive levels.Onceall

the frequentsequencesfor the next level have beengenerated,the sequencesat the currentlevel

canbedeleted.For moredetailson SPADE, see[11].

4 Incr ementalMining Algorithm

Ourpurposeis to minimizere-computationor re-scanningof theoriginaldatabasewhenminingse-

quencesin thepresenceof incrementsto thedatabase(theincrementsareassumedto beappended

to thedatabase,i.e., laterin time).

In orderto accomplishthis,weuseanefficientmemorymanagementschemethatindexesinto

thedatabaseefficiently, andcreateanIncrementSequenceLattice(ISL), exploiting its propertiesto

prunethesearchspacefor potentialnew sequences.TheISL consistsof all elementsin thenegative
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borderandthe frequentset,andis initially constructedusingSPADE. In the ISL, thechildrenof

eachnonemptysequenceare its generatingsubsequences.Eachnodeof the ISL containsthe

supportfor thegivensequence.

Theory of Incr emental Sequences Let "g© , c�© and ª © be the set of all cid’s, tid’s and items,

respectively, thatappearin theincrementalpart P . Define 't© to bethesetof all records(in '¬« P )
with cid in "g© and '2© © , '2©k­ P . For thesake of simplicity assumethat thereis no new customer

addedto the database.This implies that infrequentsequencescanbecomefrequentbut not the

otherwayaround.Weusethefollowing propertiesof thelatticeto efficiently performincremental

sequencemining.

By setinclusion-exclusion,we canupdatethesupportof asequencein V[W or X�Y basedon its

supportin '2© and '2© © .
;�<�=>=@?BA�C D�®°¯ �he � (1)

, ;�<�=>=@?BA�C D �he ��Q ;�<L=>=@?BA�C D�± �he � 0²;�<�=>=@?BA�C D�± ± �Ke ��


This allows us to computethesupportat any nodein the latticequickly, by limiting re-accessto

theoriginaldatabaseto '2© © .
Proposition 1 For everysequencee , if ;�<�=>=@?BA�C D�®°¯ �he � o³;�<�=>=@?BA�C D �he � , thenthelast itemof e
belongsto ª © .

This allows usto limit thenodesin theISL thatarere-examinedto thosewith descendantsin

ª © .
We call a sequencew a generating descendantof e if thereexistsa list u´x 	�� xzµ ��
�
�
�� x
¶�v of

sequencessuchthat x 	 , w , x
¶ , e , and for every � , 1²·¸�¹·6º¸0»1 , x � is a generating

subsequenceof x � ® 	 . We show that that if a sequencehasbecomea memberof V[W « X¼Y in the

updateddatabase,but it wasnotamemberbeforetheupdate,thenoneof its generatingdescendants

wasin X¼Y andnow is in V[W .
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Proposition 2 Let e be a sequenceof lengthat least 4 . If e is in V[W D�®°¯ « X�Y D�®°¯ but not in

V[W D « X�Y D , then e hasa generatingdescendantin X�Y D�½ V[W D�®°¯ .

Proof Theproof is by inductionon � , thelengthof e . Let e 	 and etµ bethetwo generating

subsequencesof e . Notethatif both e 	 and e2µ belongto V[W D then e is in V[W D « X¼Y D , which

contradictsour assumption.Therefore,either e 	 or etµ is out of V[W D . For thebasecase,� , 4 ,
since e 	 and etµ areof length 1 , by definitionbothbelongto V[W D « X�Y D , andby theabove, at

leastonemustbe in X¼Y D . For e to be in V
W D�®°¯ « X¼Y D�®°¯ , e 	 and e2µ mustbe in V[W D�®°¯ by

definition. Thustheclaim holds,sinceeither e 	 or etµ mustbe in X�Y D¾½ V
W D�®°¯ , andthey are

generatingdescendantsof e . For the inductionstep,suppose�¿o¬4 andthat theclaim holdsfor

all � © jÀ� . Supposee 	 and etµ areboth in V[W D « X¼Y D . Then,either e 	 or etµ`ÁÂX¼Y D . We

know e Á\V[W D�®°¯ « X¼Y D�®°¯ , so e 	 and etµ belongto V[W D�®°¯ . Since e 	 and e2µ aregenerating

subsequencesof e , theclaim holdsfor e . Finally, we have to considerthecasewhereeither e 	
or etµ is not in V[W D « X¼Y D . We know thatas e ÁÃV[W D�®°¯ « X�Y D�®°¯ , both e 	 and e2µ belongto

V[W D�®°¯ « X¼Y D�®°¯ . Now supposethat e 	g*Á¿V
W D « X¼Y D . Weknow that e is in V[W D�®°¯ « X¼Y D�®°¯ ,
e 	 is in V
W D�®°¯ « X�Y D�®°¯ . Thereforefrom theinductionstep(sincee 	 haslengthlessthan � ) the

claim holdsfor e 	 . Let w bea generatingdescendantsatisfyingtheclaim for e 	 . Since e 	 is a

generatingsubsequenceof e , w is alsoageneratingdescendantof e . Thustheclaimholdsfor � .
Thesameargumentcanbeappliedto thecasewhen etµbÄÁÅV[W D « X�Y D .

Proposition2 limits the additionalsequences(not found in the original ISL) that needto be

examinedto updatetheISL.

Memory Management SPADE simply requiresper item idlists. For incrementalmining, in or-

derto limit accessesto customersanditemsin theincrement,weuseatwo level disk-file indexing

scheme.However, sincethe numberof customersis unbounded,we usea hashingmechanism

describedbelow.
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Theverticaldatabaseis partitionedinto anumberof blockssuchthateachindividualblockfits

in memory. Eachblock containsthe vertical representationof all transactionsinvolving a setof

customers.Within eachblock thereexistsan item dereferencingarray, pointing to thefirst entry

for eachitem. Givenacustomer, andanitem,wefirst identify theblockcontainingthecustomer’s

transactionsusinga first level cid-index (hashfunction). Theseconditem-index thenlocatesthe

itemwithin thegivenblock. After thisweperformalinearsearchfor theexactcustomeridentifier.

Using this two level indexing schemewe canquickly jump to only that portion of the database

which will beaffectedby theupdate,without having to touchtheentiredatabase.Notethatusing

a verticaldataformatwe wereableto efficiently retrieve all affecteditem’s cids,without having

to touchtheentiredatabase.This is not possiblein thehorizontalformat,sincea givenitem can

appearin any transaction,which is foundby scanningtheentiredata.

PHASE 1:
1. computeÆ © ��� �ÈÇ Æ © © ��� � for all items

�
2. for all items

�
in É ©

3. Ê .enqueue(} );
4. while ( Ê is notempty)
5.

�
= Ê .dequeue();ComputeSupport(

�
);

6. if (support(
�
)
¢

min sup)
7. Ë`� �KÌZ¥°ÍB�¡Î��´� � ;
8. if (

�
is in thenegative border)

9. NB-to-FS[ Ë ].enqueue(
�
);

10. elseif ( Æ © �´� � ¨�d� )
11. for all Ë�Ï�Ð -sequences} in ISL thatare
12. generatingascendentsof

�
13. Ê .enqueue(S);

PHASE 2:
1. for eachitem

�
in NB-to-FS[1]

2. constructsuffix class | � � ;
3. NB-to-FS[2].enqueue(| � � );
4. for ( Ë = 2 to ...)
5. for eachclassÑ in NB-to-FS[ Ë ]
6. Enumerate-Frequent-Seq( Ñ );

Compute Support(
�
):

1. � = generatingsubsequence1(
�
);

2. Ò = generatingsubsequence2(
�
);

3.
���B�L���� �� D�± �´� � = intersect(Æ © � � �ÈÇ Æ © � Ò � );

4.
���B�L���� �� D ± ± �´� � = intersect(Æ © © � � �ÈÇ Æ © © � Ò � );

5.
���B�L���� ����´� � � ���B�L���� ����´� � Ï ���L�B���� �� D ± �´� �Ó ���L�B���� �� D ± ± �´� � ;

Figure5: TheISM Algorithm

Incr ementalSequenceMining (ISM) Algorithm Our incrementalalgorithmmaintainsthein-

crementalsequencelattice,ISL, which consistsof all thefrequentsequencesandall sequencesin

thenegativeborderin theoriginaldatabase.Thesupportof eachmemberis keptin thelattice,too.

Therearetwo propertiesof incrementswe areconcernedwith: whethernew customersareadded
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andwhethernew transactionsareadded.Wefirst checkwhetheranew customeris added.If so,the

minimumsupportin termsof thenumberof transactionsis raised.WeexaminetheentireISL from

the 1-sequencestowardslongerandlongersequencesto computewhereeachsequencebelongs.

More precisely, for eachsequencee thathasbeenreclassifiedfrom frequentto infrequent,if its

two generatingsequencesarestill frequentwemake e asanegativeborderelement;otherwise,e
is eliminatedfrom thelattice.Thenwedefault to thealgorithmdescribedbelow (seeFigure5).

Thealgorithmconsistsof two phases.Phase1 is for updatingthesupportsof elementsin X�Y
and V
W andPhase2 is for addingto X¼Y and V[W beyondwhatwasdonein Phase1. To describe

thealgorithm,for asequenceÔ werepresentby 't© �ÕÔ � and 't© © �ÕÔ � theverticalid-list of Ô in '2© and

thatin ' © © , respectively.

Phase1 begins by generatingthe single item componentsof ISL: For eachsingle item se-

quencesÔ , wecompute'2© �ÖÔ � and '2© © �ÕÔ � andput Ô into aqueue{ , whichis emptyat thebeginning

of computation.Thenwe repeatthefollowing until { is empty:We dequeueoneelementÔ from

{ . Weupdatethesupportof Ô usingthesubroutineComputeSupport,whichcomputesthesupport

basedonEquation1. Oncethesupportis updated,if thesequenceÔ (of length � ) is in thefrequent

set(line 10),all length � Q 1 sequencesthatarealreadyin ISL andthataregeneratingascendents

of Ô arequeuedinto { . If thesequence,Ô , is in thenegativeborder(line 8) andits supportsuggests

it is frequent,thenthis elementis placedin NB-to-FSu´�kv .
At theendof Phase1, we have exactandup-to-datesupportsfor all elementsin the ISL. We

furtherhavea list of elementsthatwerein thenegativeborderbut havebecomefrequentasaresult

of thedatabaseincrement(in NB-to-FS). In theexamplein Figures1 and2, thefollowing elements

hadsupportsupdated:!%� !%� !8�  � !%� !_��!%� !»�  �  � !»�  ��!¬�  �  ,

and " . Of these,the following moved from the negative borderto the frequentset: !×� !Ø�
 ��!\�  �  , and " .

We next describePhase2 (seeFigure5). As to Phase1, at the endof Phase1 the NB-to-FS
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is a list (or an array)of hashtablescontainingelementsthat have moved from X�Y to V
W . By

Proposition2 theseare the only suffix-basedclasseswe needto examine. For all 1-sequences

that have moved we intersectit with all possibleother frequent1-sequences.We add all such

frequent2-sequencesinto thequeueNB-to-FS[2] for furtherprocessing.In our runningexample

in Figures1 and2, !Ù� " and  � " areaddedto the NB-to-FS[2] table. At the sametime

all otherevaluatedtwo-sequencesinvolving " thatwerenot frequentareplacedin X�Y D�®°¯ . Thus,

"S�Ú!_�Z"Â�  ��!#"(�  " and "S� " areplacedin X�Y D�®°¯ . Thenext stepin Phase2 is to,starting

with thehashtablecontaininglengthtwo sequences,pick anelementthathasnot beenprocessed

andcreatethe list of frequentsets,alongwith associatedid-lists from 'À« P , in its equivalence

class.Thenext stepis to passthe resultingequivalenceclassto Enumerate-Frequent-Set, which

addsany new frequentsequencesor new negative borderelementsand associatedelementsto

theISL. We repeatthis until all theNB-to-FStablesareempty. As anexample,let usconsiderthe

equivalenceclassassociatedwith !³� " . FromFigures1 and2 weseethattheonly otherfrequent

sequenceof its suffix classis  � " . As boththeabove sequencesarefrequent,they areplaced

in V[W D�®°¯ . Recursively enumeratingthe frequentitemsetsresultsin thesequences!Û� !Û� "
and !³�  � " beingaddedto V[W D�®°¯ . Similarly, thesequences!  � "`�  � !Ü� "(�  �
 � "`��!+�Ú!³� !+� "`� , and !\� !\�  � " areaddedto X�Y D�®°¯ .

5 Interacti veSequenceMining

The ideain interactive sequencemining is that an enduserbe allowed to querythe databasefor

associationrulesatdifferingvaluesof supportandconfidence.Thegoalis to allow suchinteraction

without excessive I/O or computation.Interactive usageof thesystemnormally involvesa lot of

manualtuning of parametersand re-submissionof queriesthat may be very demandingon the

memorysubsystemof theserver. In mostcurrentalgorithms,multiplepasseshaveto bemadeover

thedatabasefor each jsÝ�Þ>Ô�Ô�ßLàBá � OâßLã�ä���åkæ�ãçO�æ¹o pair. This leadsto unacceptableresponsetimes
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for onlinequeries.Our approachto theproblemof supportingsuchqueriesefficiently is to create

pre-processedsummariesthatcanquickly respondto suchonlinequeries.

A typical setof queriesthatsuchasystemcouldsupportinclude:

i) SimpleQueries: identify therulesfor supportx%, confidencey%.

ii) Refined queries: wherethe supportvalue is modified ( è QSé or è¿0 é ) involves the same

procedure.

iii) Quantified Queries: identify thek mostimportantrulesin termsof support,confidencepairs

or find out for whatsupport/confidencevaluescanwegenerateexactlyk rules.

iv) Including Queries: find therulesincludingitemsets� 	���
�
�
â� � � .
v) Excluding Queries: computetherulesexcludingitemsets� 	���
�
�
â� � � .
vi) Hierar chical Queries: treatitems � 	 �qO�ßn��æ ����
�
�
�� � � (pepsi),asoneitem (cola) andreturnthe

new rules.

Our approachto the problemof supportingsuchqueriesefficiently is to adaptthe Increment

SequenceLattice.Thepreprocessingstepof thealgorithminvolvescomputingsucha latticefor a

smallenoughsupportê�¶ � � , suchthatall futurequerieswill involve a supportê larger than ê�¶ � � .
In orderto handlecertainqueries(Including, Excluding etc.),wemodify thelatticeto allow links

from a � -lengthsequenceto all its � subsequencesof length �t0l1 (ratherthanjust its generating

subsequences).Givensuchalattice,wecanproduceanswersto all but one(Hierar chical queries)

of the queriesdescribedin the previous sectionat interactive speedswithout going back to the

original database.This is easyto seeasall of thequerieswill basicallyinvolvea form of pruning

overthelattice.A lattice,asopposedto aflat file containingtherelevantsequences,is animportant

datastructureasit permitsrapidpruningof relevantsequences.Exactlyhow wedothisis discussed

in moredetail in [7].

Hierar chical queries requirethe algorithmto treata setof relateditemsasonesuper-item.

For examplewe maywantto treatchips,cookies,peanuts,etc. all togetherasa singleitem called
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“snacks”. We would like to know whatarethe frequentsequencesinvolving this super-item. To

generatethe resultingsequences,we have to modify the SPADE algorithm. We reconstructthe

id-list for thenew item �y� 	Z��
�
�
â� � ��� via aspecialunionoperator, andweremovefrom consideration

the individual items � 	���
�
�
â� � � . Then,we reruntheequivalenceclassalgorithmfor this new item

andreturnthesetof frequentsequences.

6 Experimental Evaluation

All theexperimentswereonasingleprocessorof aDECStation4100usingamaximumof 256MB

of physicalmemory. TheDECStation4100contains4 600MHzAlpha21164processors.No other

userprocesseswererunningat thetime. We useddifferentsyntheticdatabaseswith sizeranging

from 20MB to 55MB, which weregeneratedusingtheproceduredescribedin [8]. Although the

sizeof our benchmarkdatabasesfit in memory, our goal is to work with out-of-coredatabases.

Hence,weassumethatthedatabaseresideson disk.

The datasetsaregeneratedusing the following process.First ë(ì itemsetsof averagesize ª
aregeneratedby choosingfrom ë items. Then ë_í sequencesof averagelength ê arecreated

by assigningitemsetsfrom ë8ì to eachsequence.Next, a customerof averagec transactionsis

created,andsequencesin ë_í areassignedto differentcustomerelements,respectingtheaverage

transactionsizeof c . Thegenerationstopswhen " customershavebeengenerated.Table 1 shows

thedatabasesusedandtheirproperties.Thetotalnumberof transactionsis denotedas � îï� , average

transactionsizepercustomeras c , andthetotal numberof customers" . Theparametersweused

were ë , 1�m�m�m , ë8ì , 4�ðñm�m�m , ª , 1 
 4�ð , ë8í , ðñm�m�m , ê ,Sò . Pleasesee[8] for furtherdetailson

thedatasetgenerationprocess.

To evaluatethe incrementalalgorithm, we modified the databasegenerationmechanismto

constructtwo datasets— onecorrespondingto the original database,andonecorrespondingto

theincrementdatabase.Theinput to thegeneratoralsoincludedanincrementpercentageroughly
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Database C T � îï� TotalSize

C100.T10 100000 10 1000,000 20MB

C100.T12 100000 12 1200,000 25MB

C100.T15 100000 15 1500,000 30MB

C150.T10 150000 10 1500,000 31MB

C200.T10 200000 10 2000,000 42MB

C250.T10 250000 10 2500,000 55MB

Table1: Databaseproperties
correspondingto thenumberof customersin theincrementandthepercentageof transactionsfor

eachsuchcustomerthatbelongsin the incrementdatabase.Assumingthedatabasebeinglooked

at is C100.T10,if we set the incrementpercentageto 5% andthe percentageof transactionsto

20%,thenwecouldexpect5000customers(5%of 100,000)to belongto C’, eachof whichwould

containon averagetwo transactions(20% of 10) in the incrementdatabase.The actualnumber

of customersin the incrementis determinedby drawing from a uniform distribution (increment

percentageasparameter).Similarly, for eachcustomerin theincrementthenumberof transactions

belongingto the incrementis alsodrawn from a uniform distribution (transactionpercentageas

parameter).

Database Simple Refined(0.005) Priority(50) Including Excluding SPADE

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 1.5 negligible 0.08 102

C250K.T10 0.044 0.02 1.28 negligible 0.16 150

Table2: InteractivePerformance:Time in Seconds
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Figure6: IncrementalAlgorithm PerformanceComparison(Time in Seconds)

Incr ementalPerformance: For thefirst experiment(seeFigure6), we variedtheincrementper-

centagefor 4 databaseswhile fixing thetransactionpercentageto 20%. We rantheSPADE algo-

rithm on theentiredatabase(original andincrement)combined,andevaluatedthecostof running

just theincrementalalgorithm(afterconstructingtheISL from theoriginaldatabase)for increment

databasevaluesof five,threeandonepercent.For eachdatabase,wealsoevaluatedthebreakdown

of thecostof the incrementalalgorithmphases.The resultsshow that thespeedupsobtainedby

usingtheincrementalalgorithmin comparisonto re-runningtheSPADE algorithmover theentire

databaserangefrom a factorof 7 to over two ordersof magnitude.As expected,on moving from

a larger incrementvalueto a smallerone,the improvementsincrease,sincetherearefewer new

sequencesfrom a smallerincrement.

The breakdown figuresreveal that the phaseonetime is pretty negligible, requiringunder1
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Figure8: Effectof VaryingTransactionLength

secondfor all thedatasetsfor all incrementvalues.It alsoshows that thephasetwo times,while

anorderof magnitudelarger thanthephaseonetimes,arestill muchfasterthanre-executingthe

entirealgorithm.Further, while increasingdatabasesizedoesincreasetheoverall runningtime of

phase2, it doesnot increaseat thesamerateasre-executingtheentirealgorithmfor thesedatasets.

Thesecondexperimentwe conductedwasto vary thesupportsizesfor a givenincrementsize

(1%), and for two databases.The resultsfor this experimentaredocumentedin Figure7. For

bothdatabases,asthesupportsizeis increased,theexecutiontime of phase1 andphase2 rapidly

approaches0. This is not surprisingwhenyou considerthat at highersupports,the numberof

elementsin the ISL are fewer (affecting phase1) and the numberof new sequencesare much

smaller(affectingphase2).
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Thethird experimentweconductedwasto keepthesupport,thenumberof customers,andthe

transactionpercentageconstant(0.24%,100,000,and20%respectively), andvary thenumberof

transactionspercustomer(10, 12, and15). Figure8 depictsthebreakdown of the two phasesof

the ISM algorithmfor varying incrementvalues.We seethatmoving from 10 to 15 transactions

percustomer, theexecutiontimeof bothphasesprogressively increasesfor all databaseincrement

sizes. This is becausethe numberof sequencesin the ISL aremore(affecting phase1)andthe

numberof new sequencesarealsomore(affectingphase2).

Interacti ve Performance: In this section,we evaluatetheperformanceof the interactive queries

describedin Section5. All theinteractivequeryexperimentswereperformedonaSUNUltraSparc,

167MHz processorwith 256 MB of memory. We envisageoff-loading the interactive querying

featureontoclient machinesasopposedto executingon theserver, andshippingtheresultsto the

dataminingclient. Thuswewantedto compareexecutinginteractivequeriesonaslowermachine.

Anotherreasonfor evaluatingthe querieson a slower machineis that the relative speedsof the

variousinteractivequeriesis betterseenonaslowermachine(on theDECsall queriesexecutedin

negligible time).

Sincehierarchicalqueriessimply entail a modifiedexecutionof phase2, we do not evaluate

it again. We evaluatedsimplequeryingon supportsrangingfrom 0.1%-0.25%,refinedquerying

(supportrefinedto 0.5%for all thedatasets),priority querying(queryingfor the50sequenceswith

highestsupport),including queries(including a randomitem) andexcluding queries(excluding

a randomitem). Resultsarepresentedin Table2 alongwith the costof rerunningthe SPADE

algorithm on the DEC machine. We seethat the queryingtime for refined,priority, including

andexcludingqueriesarevery low andcapableof achieving interactivespeeds.Thepriority query

takesmoretime,sinceit hasto sortthesequencesaccordingto supportvalue,andthissortingdom-

inatesthecomputationtime. Comparingwith rerunningSPADE (on a muchfasterDECmachine)

weseethattheinteractivequeryingis severalordersof magnitudefaster, in spiteof executingit on
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amuchslowermachine.

7 RelatedWork

SequenceMining: The conceptof sequencemining asdefinedin this paperwasfirst described

in [8]. Recently, SPADE [11] wasshown to outperformthealgorithmpresentedin [8] by a factor

of two in the generalcase,and by a factor of ten with a pre-processingstep. The problemof

finding frequentepisodesin a singlelong sequenceof eventswaspresentedin [5]. Theproblem

of discoveringpatternsin multiple eventsequenceswasstudiedin [6]; they searchtherule space

directly insteadof searchingthesequencespaceandthenforming therules.

Incr ementalSequenceMining: Therehasbeenalmostno work addressingtheincrementalmin-

ing of sequences.One relatedproposalin [10] usesa dynamicsuffix tree basedapproachto

incrementalmining in a single long sequence.However, we aredealingwith sequencesacross

differentcustomers,i.e.,multiple sequencesof setsof itemsasopposedto a singlelong sequence

of items. The otherclosestwork is in incrementalassociationmining [2, 3, 9] However, there

areimportantdifferencesthatmake incrementalsequencemininga moredifficult problem.While

associationrulesdiscover only intra-transactionpatterns(itemsets),we now alsohave to discover

inter-transactionpatterns(sequences).Thesetof all frequentsequencesis anunboundedsuperset

of the set of frequentitemsets(bounded). Hence,sequencesearchis muchmore complex and

challengingthantheitemsetsearch,therebyfurthernecessitatingfastalgorithms.

Interacti ve SequenceMining A mine-and-examineparadigmfor interactive explorationof as-

sociationsandsequenceepisodeswaspresentedin [4]. Similar paradigmshave beenproposed

exclusively for associations[1]. Our interactive approachtacklesa differentproblem(sequences

acrossdifferentcustomers)andsupportsawider rangeof interactivequeryingfeatures.
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8 Conclusions

In thispaper, weproposenovel techniquesthatmaintaindatastructuresfor miningsequencesin the

presenceof a)databaseupdates,andb) userinteraction.Resultsobtainedshow speedupsfrom sev-

eralfactorsto two ordersof magnitudefor incrementalminingwhencomparedwith re-executinga

state-of-the-artsequencemining algorithm.Resultsfor interactive approachesareevenbetter. At

thecostof maintainingasummarydatastructure,theinteractiveapproachperformsseveralorders

of magnitudefasterthanany currentsequencemining algorithm. Oneof the limitations of the

incrementalapproachproposedin this paperis the sizeof the negative border, andthe resulting

memoryutilization. We arecurrently investigatingmethodsto alleviate this problem,eitherby

refiningthealgorithmor by performingout-of-corecomputation.
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