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ABSTRACT

Existing work on multiple databases (MDBs) sequential pattern mining cannot mine frequent
sequences to answer exact and historical queries from MDBs having different table structures.
Thisarticleproposes the transactionidfrequentsequencepattern(TidFSeq)algorithmtohandle
thedifficultproblemofminingfrequentsequencesfromdiverseMDBs.TheTidFSeqalgorithm
transforms candidate 1-sequences to get transaction subsequences where candidate 1-sequences
occurredas (1-sequence, itssubsequenceidlist) tupleor (1-sequence,position id list).Subsequent
frequenti-sequencesarecomputedusingthecountsofthesequenceidsineachcandidatei-sequence
positionidlisttuples.Anextendedversionofthegeneralsequentialpattern(GSP)-likecandidate
generatesandafrequencycountapproachisusedforcomputingsupportsofitemset(I-step)and
separate (S-step) sequenceswithout repeateddatabase scansbutwith transaction ids.Generated
patternsanswercomplexqueriesfromMDBs.TheTidFSeqalgorithmhasafasterprocessingtime
thanexistingalgorithms.
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INTRoDUCTIoN

Existingworksaremostlyforminingfrequentitemsets/sequencesfromsingledatabases(Han,Kamber
&Pei, 2012;Nanopoulos&Manolopoulos, 2000).Work doesnot exist for a sequential pattern
algorithm thatminesexact frequentsequences frommultiple tablesordatabases thatare related
throughforeignkeyattributes.Formoreusefulinterpretationandapplicationoffrequentpatternsto
reallifecaseswherepatternsfromdifferenttablesordatabasesrelatedthroughforeignkeyattributes
need tobe integrated toanswerrelevantqueries,algorithmsforminingfrequentsequencesfrom
multipledatasourcesthatcarryforeignkeytags(e.g.,transactionid)areimportant.Existingwork
onminingfrequentitemsetsfromtransactiontablescanbeclassifiedintoApriori-andnonApriori-
basedalgorithms,includingtheFp-treealgorithm(Agrawal&Srikant,1994;Srikant&Agrawal,
1995;Han,Pei,Yin&Mao,2004).SomeprominentApriori-basedsequencepatternmining(SPM)
algorithmsonsingledatabasesincludeGSP(Srikant&Agrawal,1996).Frequentsequencemining
algorithmsthatarenon-AprioribasedincludeSPAMandPrefix-span(Ayres,Flannick,Gehrke,&
Yiu,2002;Pei,Han,Mortazavi-asl,&Zhu,2000).AlgorithmsspecificallyforminingWebsequential
patterns include WAP-tree and PLWAP-tree algorithms (Pei, Han, Mortazavi-asl, & Zhu, 2000;
Ezeife,Lu,&Liu,2005).
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However,thesesinglesequence/itemsetdatabaseminingalgorithmscannotminefrequentpatterns
fromMDBsortableslikeadatabasewithtwotables,exampledrug/sideeffectssequencetablefor
recordingdrugsandtheirsideeffectswiththeschemaDrugSE(Drugid,Sequencesofsideeffects).
Thesecondtableispatient/drugsequencetableforrecordingsequencesofdrugstakenbypatients
withtheschemaPatientDr(Patientid,SequencesofDrugids).TheDrugSEandPatientDrtablesare
relatedthroughtheDrugidforeignkeyattribute.RegularSPMalgorithms,includingGSP,canbe
runoneachofthesetables.Itfindsthetabledrug/sideeffectswithfrequentsequencesofsideeffects,
aswellasthetablepatient/drugwithfrequentsequencesofdrugs(Srikant&Agrawal,1996).Multiple
tablescansprovidelittleornoinformationonfindingthepatterns.Acomplexpatternqueryrequiring
associating patterns from these two tables, for example “find frequent sequences of side effects
sufferedfrompatients p1 and p2 ”cannotbedirectlyoreasilyansweredwith thesealgorithms
withoutadditionalpost-processingdatabasescans.Somereasonsfortheneedtominefrequentpatterns
fromMDBsandexamplequeriesforeachcategoryinclude:

1. Comparative Analysis:inapplicationslikee-commercewebsiteswhereproductinformation
(e.g.,productname,price)andproductssoldbyonlinestores(e.g.,BestBuy,Walmart)arestored
inMDBsandupdatedfrequently.Anexamplehistoricalqueryis“Findthee-commercewebsite
thatsellsthecheapestSamsungtelevisionproducts”.

2. Frequent Local and Global Product Pattern Analysis:Thereisaneedtofindfrequentlocal
andglobalpatternsofproductspurchasedfromcustomertransactiondatabaseswiththesame
tablestructureinseverallocalbranches.

3. Mining Frequent Patterns from Multiple Tables with Different Table or Attribute 
Structures:Thereisaneedtominefrequentitemsets/sequencesfromrelateddatabaseswith
structures related through foreign/primary key attributes (i.e., patient/drugs and drugs/side
effects). For example, “Find patients who are affected by frequent sequences of side effect
patternsinvolvingsideeffects1”.

4. Mining Alternate Types of Information:Patternsfordiscoveringregularproductorcustomer
behaviorfortargetedmarketing,suchasstablepatternsoridentifyingimportantcustomers.

ExistingtechniquesforminingfrequentpatternsfromMDBsincludealgorithmsminingglobal
frequentpatternsfrommultipletableswiththesamestructuresforlocaldatabases.Examplealgorithms
aretheApproxMAPalgorithm(Kum,Chang,&Wang,2006),IndividualMine(Peng&Liao,2009),
thehierarchicalgrayclusteringalgorithm(HGCA)(Lin,Hu,Li,&Wu,2013),andclusteringlocal
frequencyitemsinMDBs(Adhikari,2013).Anexamplealgorithmthatcanminefrequentitemsets
(notsequences)fromMDBswithdifferentstructuresistheTidFPalgorithm(Ezeife&Zhang,2009).

Themainpurposeofthisarticleistoproposeanalgorithmforminingexactfrequentsequences
fromMDBswithdifferenttablestructures.Thesedatabasestructuresarerelatedthroughforeignkey
attributes,whichwouldallowansweringinformativequeriesinvolvingsharedpatterns.

Contributions and Problem Definition
Singledatabasesequenceminingalgorithmscannotminefrequentsequentialpatternsfrommultiple
relatedsequences.Inaddition,theycannotintegratetheresultstoanswerqueriesrelatedtoMDBs.
ThisarticlecontributesthefollowingfeaturestotheproblemofSPMthroughitsnewlyproposed
algorithm (TidFSeq) and work from an unpublished thesis (Aravindan, 2016) for mining exact
frequentsequentialpatternsfromgeneralsequences(bothmultisetandunisetsequences)inMDBs
(withdifferentorsimilarstructures)usingtransactionids:

1. Answerscomplexsequencedatabasequeriesinvolvingrelateddatafrommorethanonetableor
database.
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