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Mining Integrated Sequential Patterns 
From Multiple Databases
Christie I. Ezeife, University of Windsor, Ontario, Canada

Vignesh Aravindan, Royal Bank of Canada, Canada

Ritu Chaturvedi, School of Computer Science, University of Guelph, Ontario, Canada

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.

KeyWoRDS
Candidate Generation, Complex Queries, Foreign key, Frequent Itemsets, Frequent Patterns, Frequent Sequences, 
Multiple Databases, Sequence Database, Transaction Ids

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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2. FindsrecordssharingfrequentsequencesinMDBswithlessdatabasescansandfaster.
3. Minesalternatetypesofinformationfromcompetitivedatabases(e.g.,stable,trendingpatterns)

Givenmultiplerelatedsequencetableswhereeachtableconsistsofsequenceidandcorresponding
sequenceof itemsandaminimumsupportcount“s”, theproblemofminingfrequentsequences
frommultiplerelatedsequencedatabasesisthatofminingtheexactfrequentsequenceswithsupport
countsgreaterorequaltothegivenminimumsupportcount“s”fromeachsequencetableandtobe
integratedtoanswerqueries.

outline
Next,thearticlediscussesrelatedworkinminingfrequentitemsets,frequentsequences,andfrequent
patternsfromMDBs.Then,thearticlepresentsadetaileddiscussionoftheproblemaddressedwith
theTidFSeqalgorithm.Thearticlepresentsperformanceandexperimentalanalysisbeforeoffering
aconclusionandfuturework.

BACKGRoUND AND ReLATeD WoRK

Existing work on frequent pattern mining can be classified into Apriori- and nonApriori-based
algorithms.TheApriorialgorithmisaprominentfrequentitemsetminingalgorithm(Agrawal&
Srikant, 1994). Its extensions include algorithmsusing a hashing technique (Park, Chen,&Yu,
1995)andapartitioningtechnique(Savasere,Omiecinski,&Navathe,1995;Taniar,Clement,Leung,
Rahayu,&Goel,2008).NonApriori-basedFP-treeandextensionstotheFP-growthapproachalso
exist(Han,Pei,Yin&Mao,2004).ProminentfrequentsequenceminingalgorithmsareApriori-based
algorithmslikeGSP(Srikant&Agrawal,1996).NonApriori-basedalgorithmsincludeSPAM(Ayres,
Flannick,Gehrke,&Yiu,2002)andPrefix-span(Pei,Han,Pinto,Chen&Dayal,2004).Algorithms
specificallyforminingWebsequentialpatternsincludeWAP-tree(Pei,Han,Mortazavi-asl&Zhu,
2000)andPLWAP-tree(Ezeife&Lu,2005;Ezeife,Lu&Liu,2005).HybridWebSPMapproaches
combineAprioriandnonApriori(e.g.,pattern-growth)techniques.

ThereareafewnotablesystemsthatfocusonminingfrequentpatternsfromMDBs(Liu,Lu,&
Yao,2001;Zhang,Wu,&Zhang,2003;Kum,Chang,&Wang,2006;Ezeife&Zhang,2009;Peng&
Liao,2009;Zhang,You,Jin,&Wu,2009;Mehenni&Moussaoui,2012;Lin,Hu,Li&Wu,2013).
ThisarticlewillprovideamoredetaileddiscussionoftheApproxMAPalgorithm(Kum,Chang,&
Wang,2006),TidFpalgorithm(Ezeife&Zhang,2009),GSPalgorithm(Srikant&Agrawal,1996),
andSPAM(Ayres,Flannick,Gehrke,&Yiu,2002)inrelationtotheTidFseqalgorithm.

Sequential Pattern Mining Algorithms on Single Databases
GSP
GSPisanApriori-basedSPMalgorithmusingthedownward-closurepropertyofsequentialpatterns
(Srikant&Agrawal,1996).Itadoptsamultiplepass,candidategenerate-and-testapproachcalledthe
GSP-join,whichisliketheApriori-genjoinfunctionoftheApriorialgorithmforfrequentitemset
mining.Thus,givenadatabaseof frequent sequences andaminimumsupport thresholdof two
transactions,theGSPalgorithmminesallfrequentsequentialpatternswithsupportcountgreater
thanorequaltotheminimumsupport(seeTable1).

GSPinthefirstpassdeterminesthefrequent1-itempatterns(L
1
)asitemswithsupportcount

greaterthanorequaltothegivenminimumsupport.Eachsubsequentpassstartswithaseedset
consistingofthefrequentsequencesfoundinthepreviouspass(L

k−1 ).Theseedsetgeneratesthe
k-candidatesequences(C

k
)asthefrequentsequenceL

k−1 GSP-joinswithitselfL
k−1 orwrittenas

L
k−1⋈

GSP oin kj
L −1 .TheL

k−1 GSP-joinL
k−1 requiresthateverysequencesinthefirstL

k−1 joinswith
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othersequencess ' inthesecondL
k−1 ifthelastk-2itemsofthefirstsequencesarethesameasthe

firstk-2itemsofthesecondsequences ' .Forexample,thes=((1,2)(3))GSP-joins ' =((2)(3,4))
gives((1,2)(3,4)).Thes=((1,2)(3))GSP-join((2)(3)(5))=((1,2)(3)(5)).Notehowthetwotypes
ofsequenceelementsofitemsetsequence(I-step)suchasjoinof(3)insand(3,4)ins’resultedin
(3,4)andnot(3)(4)sinceoneofthesequencesbeingjoinedhasbothitemstogetherinaset.Onthe
contrary,thesecondtypeofsequenceelementshavesingleitemsinsequence(S-step),suchasajoin
of(3)inthefirst s and(3)(5)inthesecond s ' resultingin(3)(5)andnot(3,5).Thus,ajoinofa
singleiteminones witheitheranI-steporS-stepsequenceintheseconds ' willresultintheI-step
orS-stepsequencetheyjoinedwith.Followingthejoinphaseisthepruningphase,inwhichthe
candidatesequencesthathaveanyoftheircontiguous(k-1)-subsequencesnotfrequentinanearlier
L
k−1 aredroppedbecauseofthedownwardclosureproperty.Thismeansthatthissequencewould

nothaveachanceofbeingfrequentwhenthedatabaseisscannedforsupport.
Thesupportsfortheremainingcandidatesequencesdeterminewhichofthecandidatesequences

are frequent (L
k

). These frequent candidates become the seed for the next pass. The algorithm
terminateswhentherearenofrequentsequencesattheendofapassorwhentherearenocandidate
sequencesgenerated.AnexampleminingofTable1givenminimumsupportcountof2andtheC

1


itemsasgivenbelowusingtheGSPalgorithmwillgothroughfiveiterationstofindfrequentsequences
L:L L L L

1 2 3 4
∪ ∪ ∪ ={A,B,C,D,F,G,AB,AC,AD,AF,AG,BC,BD,BF,BG,CD,FA,FB,

FC,FD,GD,(AB),ABD,ABF,ABG,ACD,AFD,AGD,BCD,BFD,BGD,FCD,F(AB),ABFD,
ABGD}.TheGSPalgorithm,unliketheproposedTidFSeqalgorithm,suffersfromgenerationof
longcandidatesequences.Itisdesignedforasingletransactiondatabasetable.

SPAM
TheSPAMalgorithm(Ayres,Flannick,Gehrke,&Yiu,2002)withverticalbitmaprepresentation

firstusestheone-candidateitemsofthedatabasetoconstructalexicographictreerepresentationofthe
sequentialdatabasewhereeachoftheitems,suchas{a,b,c,d},formsachildnodeoftherootnode
ofthetree.Eachofthesenodeswillhavetheirchildrenextendedtogeneratetwo-candidatesequences
byextendinginthetwowaysofitemI-stepextension(forexample,extendingtheone-sequencea
tothetwo-sequenceinthesameset(a,b))andsequenceS-stepextension(forexample,extending
theone-sequenceatothetwo-sequenceinthedifferentsetsa,aora,b).Generally,inbuildingthe
tree,eachnodecangeneratesequence-extendedchildrensequences(inS-stepprocess)anditemset-
extendedchildrensequences(inI-stepprocess).Eachitem(e.g.,a,b,c,d)inthesequencedatabase

Table 1. Sequence table for GSP

SID Sequences

1 AB FG CD( )

2 BGD

3 BFG AB( )

4 F AB CD( )

5 A BC GF DE( ) ( )
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createsaverticalbitmapshowingeachtransactioninthedatabase.Itshowsifthisitemispresentin
thetransactionwithabitof“1.”Thebitis“0”iftheitemisabsent.

Forexample,given theexample transactiondatabaseofTable2, transaction1willhave the
bitmapforitemsa,b,c,dinthisdatabaseas1101,0111,and0111foritsthreesubsequences(a,b,
d)(b,c,d)(b,c,d),respectively.Eachsequenceinthesequencetreeiseitherasequence-extended
sequenceoranitemset-extendedsequence.Forexample:

Ifwehaveasequencesa= a b c a b, , , ,( ) ( ) ,then a b c a b a, , , , ,( ) ( ) ( ) isasequence-extended

sequenceofsawhile a b c a b d, , , , ,( ) ( ) isanitemset-extendedsequenceofsa.Ifwegeneratesequences
bytraversingthetree,theneachnodeinthetreecangeneratesequence-extendedchildrensequences
anditemset-extendedchildrensequences.Theprocessofgeneratingsequence-extendedsequences
isknownasthesequence-extensionstep(theS-step).Theprocessofgeneratingitemset-extended
sequencesisknownastheitem-extensionstep(theI-step).

ThefrequencycountofanS-stepsequence,suchas,canbeobtainedasthecountoftheresultsof
theBitANDoperationoftheinverseofBit(a)withthatofBit(b)thatareTRUEforallthetransactions
inthedatabase.ThismeansifforanytransactionBit()ANDBit(b)=1thentheS-stepsequence
ispresentinthistransactionandshouldbecountedas+1tothesupportcountofthesub-sequence.
Ontheotherhand,thefrequencycountofanI-stepsequence,suchas,canbeobtainedasthecount
oftheresultsoftheBitANDoperationoftheBit(a)withthatofBit(b)thatareTRUEforallthe
transactionsinthedatabase.ThismeansifforanytransactionBit(a)ANDBit(b)=1thentheI-step
sequenceispresentandcountedas+1tothesupportcountofthesub-sequence.

Algorithms for Mining Patterns in MDBs
ApproxMAP
ApproxMAP(Kum,Chang,&Wang,2006)findstheapproximatefrequentsequencesfromMDBs
of sequences having the same table structure. ApproxMap uses multiple alignments to force all
sequencesintheinputdatabasetobeofequallengthorhavethesamenumberofsub-sequences(or
columns).Forexample,iftherearefourinputsequences(<(123)(1)>and<(123)>and<(3)(4)>
and<(1)(3)>),theywillhavethehighestlengthoftwosubsequencesbypaddingsequencessuchas
thesecondsequencethathasonlyonesubsequencewithanemptysecondsubsequencetotransform
itas<(123)()>.Then,itwillfindthefrequentsequencesofthetwosubsequencecolumnsasthose
itemsinthefoursequencesthathaveoccurreduptominimumsupportcount times.Assumethe
minimumsupportcountistwo,fortheminingoftheabovefoursequences.Theweightedsequence
supportcountforcolumnone-subsequencesis<(123)>becauseonlyitems1,2,and3havecounts
greaterthanminsupportcountoftwo.Columntwohasnofrequentpatternsfromthefourandthe
approximatefrequentsequentialpatternminedfromtheabovedatabaseis<(123)>.Itusesthesame
methodtogettheapproximatefrequentsequentialpatternsfromaseconddatabase.

Table 2. The SPAM sequence database

Tid Sequence of Purchases

1 a b d b c d b c d, , , , , ,( )( )( )

2 b a b c( )( ), ,

3 a b b c d, , ,( )( )
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ThemajordrawbackofthisApproxMAPalgorithmisthatitdoesnotgenerateexactsequential
patternstoanswerexactqueriesformultiplesequencetables.Thus,itcannothandlemultipleforeign
key-relatedsequencetableswithdifferenttablestructuresandattributenames.

TidFp.TidFPalgorithm(Ezeife&Zhang,2009)minesfrequentitemsetsfrommultiplesources
using transaction ids for integratingpatterns through set operations (i.e., intersect andunion) to
answerglobalqueriesinvolvingmultiplesources.Giventwomultipletablessuchasthesingleitem
setversionsofthedrug/sideeffectsinTable5withcandidateone-itemassideeffects,={1,2,3,
4,5},andthepatient/drugdatabaseinTable6withcandidateone-itemasdrugids,C1={d1,d2,d3,
d4},aminimumsupportthresholdofthreetransactions,theTidFPalgorithmminesfrequentitemsets
fromthemultiplerelatedtablessuchasfrequentsideeffectsofdrugsfromTable5andfrequentdrugs
purchasedbypatientsfromTable6.Therefore,itcanusethesefrequentitemstoanswerquerieslike
“Getthefrequentdrugsideeffectssufferedbypatients.”TheTidFPalgorithm’sfourstepsproceed
asfollows:
Step1: ItscansthedatabaseonceandobtainsallitemswiththeirtransactionIDsintheformatof
a1-item,listoftransactionids(Tid-list)theitemoccurredabbreviatedas1-item,Tid-list

tuples.Forexample, the tuples for thedrugs/sideeffect sets for itemsshown inTable5are
presentedintheformofsideeffectid,listofdrugidshavingthesesideeffect.Thus,thescan

o f  t h e  d a t a b a s e  o f  Ta b l e  5  w i l l  g i v e  c a n d i d a t e  o n e - i t e m ,  C
1

 =
1 2 3 4 5

1 3 2 3 4 1 2 3 1 2 3 4
, , , , , , , , , , , ,D D D D D D D D D D D D( ) ( ) ( ) ( ) ( ) . Similarly, for the second

Table 3. Drug/side effects itemset sequences

Drug Sequence of Side Effects

d
1

123 1( )( )

d
2

< ( ) >123 ()

d
3

3 4( )( )

d
4

1 3( )( )

Table 4. Patient/drugs itemset sequences

Patient Sequence of Drugs purchased by patient

p
1

< ( ) >d d d
1 2 3

()

p
2

d d
3 4( )( )

p
3

d d d
1 2 1( )( )

p
4

d d
1 3( )( )
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databaseofpatients/drugidsequencesforsingleitemsshowninTable6,thecandidate1-item,C
1


istransformedto< drugid,listofpatientidstakingthesedrugs> .ForTable6,thecandidate1-item,
C
1
tuplesare:C D P P P

1 1 1 2 4
= ( ), , ,  D P P P D P P D P P

2 1 2 4 3 2 3 4 3 4
, , , , , , ,( ) ( ) ( ) .

Step 2:Computefrequent1-itemlistF
1

withlessthan3transactions.F
1

tuplesforTable5are
F
1

 = 2 3 5
2 3 4 1 2 3 2 3 4

, , , , , , , , ,D D D D D D D D D( ) ( ) ( ) .  The F
1

 tuples  for  Table 6  are

F D P P P D P P P
1 1 1 2 4 2 1 2 4
= ( ) ( ), , , , , , .

Step 3:Generatecandidate2-itemsets(C
2
).Generally,C F

i i+ =1 map-genjoinF
i
(e.g.,C F

2 1
= 

map-genjoinF
1

).Forexample,givenitemsi
1
andi

2
withtheirTidlists,The i tid tid

1 1 2
, ,( ) (Apriori

m a p - g e n  j o i n )  i tid tid i i tid
2 1 5 1 2 1
, , ,( ) = ( ) .  F o r  d r u g s / s i d e  e f f e c t  Ta b l e  5 ,

C D D D D D D D
2 2 3 2 3 4 2 3

2 3 2 5 3 5= ( ) ( ) ( ), , , , , , ,  and for the patients/drug in Table 6 is

D D P P P
1 2 1 2 4
, , ,( ) .Thefrequent-twoitemsetsF

2
areobtainedandprocesscontinuesuntilanempty

setismetinaniteration.
Frequent itemsets and corresponding transaction ids for drugs/side effect Table 5 is

FP D D D D D D D D D D D D= ( ) ( ) ( ) ( )2 3 5 2 5
2 3 4 1 2 3 2 3 4 2 3 4

, , , , , , , , , , , , .Frequent itemsets and
correspondingtransactionidsforpatients/drugTable6is:

Table 5. Drug/side effects just itemsets

Drug Sets of Side Effects

d
1

1 3 4

d
2

2 3 5

d
3

1 2 3 5

d
4

2 5

Table 6. Patient/drugs just itemsets

Patient Sets of Drugs Purchased by Patient

p
1

d d
1 2

p
2

d d d
1 2 3

p
3

d d
3 4

p
4

d d d
1 2 4
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FP D P P P D P P P D D P P P= ( ) ( ) ( )1 1 2 4 2 1 2 4 1 2 1 2 4
, , , , , , , , , 

TidFpanswersquerieslike:“WhatarepossiblefrequentsideeffectssufferedbypatientsP P
1 2
, , 

andP
4
?”Thisisobtainedusingsetoperatorslikeintersection(∩ )in:

3
1 2 3

, , ,D D D( ) ∩ ( ) = ( )D D P P P P P P
1 2 1 2 4 1 2 4

3, , , , , , 

ThisimpliesthatPatientsP1,P2,P4buydrugsD1andD2.Drugs,havecommonside-effects3.A
majordrawbackisthattheTidFpalgorithmminesandhandlesqueriesformultiplerelateditemset
transactiontables.However,itdoesnothandlequeriesformultiplerelatedsequentialdatabasetables
requiringminingsequentialpatterns.

other Algorithms for Mining Patterns in MDBs
PengandLiao(2009)proposedtwoalgorithmsforminingmultiple-domain,singletablesequential
databasesthatarecategorizedtohaveco-occurredinthesametimewindow(e.g.sequentialpurchase
patternsfromabookstoreandmoviesrentedfromamoviestoreinthesameordifferentmonth
timewindows).However,unlikeourproposedforeignkeybasedmultiplesequencedatabaseminer,
TidFSeq,thealgorithmsin(Peng&Liao,2009)donotminemultipletableswithdifferentschemas
thatarerelatedthroughforeignkeyattributestoanswermorecomplexreal-lifequeries.Also,their
workdidnotextendanyexistingSPMalgorithmbutfocusedonhowtocombinesequentialpatterns
aftertheyaremined.

TheHGCAalgorithmminesstablepatterns(Lin,Hu,Li&Wu,2013).Itdefinesanitem“a”as
stableiftheitemsatisfiestheminimumsupportcount“s”ineachofthelocaltransactiontables(,
where,isalocaltransactiontable)thatitoccursandthevariationofthesupportcountofthatitem
“a”islessthanorequaltoauser-definedvariationvalue“v”.

PRoPoSeD TIDFSeQ ALGoRITHM FoR SeQUeNTIAL MINING IN MDBS

Notallmultipletableshavethesamestructure.Thereisalsoaneedtominefrequentitemsetsor
sequencesfrommultipletableswithdifferentattributestructuresbutthatarerelatedthroughforeign
keyattributes.Anexampleisthepatient/drugsdatabaseinTable4andthedrugs/sideeffectsdatabase
inTable3.TheproposedTidFSeqalgorithm,unliketheexistingalgorithmsdiscussedintherelated
worksection,isdesignedtominefrequentsequencesfromrelatedmultipletables,includingthose
withdifferentattributestructures.

Definitions
Thissectionpresentsformalconceptsanddefinitionsusedintheproposedalgorithm.

Definition 1.Elementsinann-sequence(S)( e e e
S S nS1 2
, ,… )arethesubsequencesofthen-length

sequencewithnorderedelements(orsubsequences),e e e
S S nS1 2
, ,… .

Forexample,giventhethree-sequence d d d d d
1 2 3 1 4( )( )( ) ,thefirstelement(orsubsequence)

e
S1

is(d d d
1 2 3

).Ithasthreeitemsinitsset.Thesecondelemente
S2

is(d
1

).Ithasoneitem.The
thirdelemente

S2
is(d

4
).Italsohasoneiteminthethirdset.
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Definition 2.Position id list (Pid
IkS

)ofakthcandidateone-iteminadatabasesequenceS
specifiesallthesequenceelementsofSwherethekthcandidateone-itemoccurred.Inotherwords,
itspecifiesallthesubsequencesofsequenceSwherethekthcandidateone-itemhasoccurred.

Forexample,giventhesequencewithSidS d d d d d
1 1 2 3 1 4
= ( )( )( ) ,theone-itemd

1
inthis

sequenceisfoundinthefirstelement(d d d
1 2 3

)andthesecondelement(d
1

).Item“d
1

”inthis
sequenceisinpositionse

1
ande

2
.Thus,thesequenceS

1
’spositionidlistforitemd

1
�(Pid

Id S1 1:
)is

e
1
ande

2
.Similarly,thepositionidlistofitemd

3
ise

1
becauseitisfoundonlyinthefirstelement

(d d d
1 2 3

).
Definition 3.For Sequence id Position id list, _  tuple, each item/sequence is associated

withthesequenceidsinwhichtheyoccur,aswellasthepositionidsinwhichtheyoccurineach
sequenceid.Thisinformationisrepresentedintheformofatupleassociatedwitheachitem/sequence.
Ifanitem“1”appearsinsequenceidssid1(thepositionidsofitem1insid1aree e

1 3
, )and sid

3


(theposition idsof item1 in sid3are e e
1 2
, ), then sid pid list, _  tuple for item1 isgivenas

sid e e sid e e
1 1 3 3 1 2
, , , , ,( )( ) ( )( ) .

Definition 4.FortheI-stepandS-stepsequences,theI-StepsequenceandS-Steptermswere
firstdefined(Ayres,Flannick,Gehrke,&Yiu,2002)as:

1. I-Stepsequenceisasequenceoftheform(ab)suchas(123),meaningitems1,2,and3occur
togetherinasubsequence.

2. S-Stepsequenceisasequenceoftheform(a)(b)suchas(1)(2)(3),meaningitems1,2,and3
occurseparatelyinasequence.

Definition 5. For candidate 1-item tuples tuples, the Candidate 1-item tuples list is the
representationoftheinputitems.Itlistseachcandidate1-itemwithitspositionidlistshowingthe
occurrencesofallsubsequences.Thetuplesareoftheformforadatabasewithitems.

Forexample,thetupleslistforthedrugs/sideeffectsdatabaseofTable3intheformof
<sideeffectid:itsdrugpositionidlist>is:

C1={1:<(d1,(e1,e2)),(d2,(e1)),(d4,(e1))>,2:<d1,(e1)),(d2,(e1))>,3:<d1,(e1)),(d2,(e1)),(d3,
(e1)),(d4,(e2))>,4:<(d3,(e2))>}.

Definition 6. The support count computation rule for I-step sequences is thebasic rule for
computingsupportcountofanI-stepsequenceoftheform(ab).Forexample,“Ifitemsa andb 
havethesamesequenceidsandoccupythesamecolumn(subsequence)positions(i.e.,havethesame
positionids),thensupportcountofsequence(ab)isincrementedby1”.

Definition 7.Thesupportcountcomputation rule forS-stepsequences is thebasic rule for
computingsupportcountofanS-stepsequenceoftheform(a)(b).Forexample,“Ifitemsa andb 
havethesamesequenceidsanda occupiesanearlier(subsequence)columnpositionthanthatofb 
(i.e.,positionidofa islessthanpositionidofb ),thensupportcountofsequence(a)(b)isincremented
by1”.

Steps in the Proposed TidFseq Algorithm
Theformalalgorithmforminingfrequentsequentialpatternsfromtwoormorerelateddatabasetables
(calledTidFseq)isgivenasalgorithm1.Detailsofitsstepsareincludedinthissection.



International Journal of Data Warehousing and Mining
Volume 16 • Issue 1 • January-March 2020

10

Input to the Algorithm.MultiplerelatedsequencedatabasetableMDBs,theinputuserdefined
minimumsupportcount“s,”andthesetofcandidate1-itemsforeachdatabase.Forexample,input
ofdb1=Drug/sequenceofsideeffects,db2=Patient/drugssequencetables,user-definedminimum
supportcount=2,Cdb

1
1 fordb1={sideeffectsids}={1,2,3,4,5},Cdb

1
2 fordb2={drugids}=

{d1,d2,d3,d4}.
Output of the Algorithm.FrequentsequencesofeachdatabaseFSdb1 ,FSdb2 ,…,FSdbn with

theassociatedsubsequenceidswheretheyoccurredlistedintheformof{F
n sequence− :<subsequence

thatF
n sequence− occurred>}.

Other Data.Initialiterationk=1.Forexample,miningtheproposedalgorithmTidFseqonthe
inputdatabasesofdb

1
anddb

2
yieldsthefollowingoutputfrequentsequentialpatterns.Fordb1,the

frequentsequencesofsideeffectsFSdb1={(1):<d1,d2,d4>,(2):<d1,d2>,(3):<d1,d2,d3,d4>,
(1,2):<d1,d2>,(1,3):<d1,d2>,(2,3):<d1,d2>,(1,2,3):<d1,d2>}.Fordb2,thefrequent
sequencesofdrugsSdb2={(d1):<p1,p3,p4>,(d2):<p1,p3>,(d3):<p1,p2,p3,p4>,(d1,d2):<p1,
p3>,(d1)(d3):<p3,p4>}.

Algorithm 1:(TidFSeq()-Minesmultiplerelatedtablesequences)
Input: Multiple related sequence tables TB

1
, TB

2
, …, TB

N
 and 

their corresponding candidate one-items sets C
TBK
1

, min-support 

count “s.” 
Output: Frequent sequences FP

TBK
 and their associated sequence ids 

in the form < ( :FS ssid
1 1

, … …( ), ), : ,ssid FS ssid ssid
n m2 1

, 

… …( )>FS ssid ssid
p q
:, ,

1
 where FS

i
 is frequent sequence i and the ssid

m
 

is the mth subsequence id that FS
i
 occurred.

Other variables: C
k
 candidate k-sequences, F

k
 k-Frequent 

sequences, pid list
sidj

_ , an array of sequence sid
j
’s elements or 

subsequence ids, k=1 initially, F
p
-final list of frequent 

sequences. 
Begin 
1. for each database table sequence TB

i
 do Begin

     1.1 Scan the sequence table to compute the candidate 
1-sequences with their position id lists in the form of 
C item sid pid list item sid pid list
1 1 1 1 2 2

2= { : : _ : : _     …item sid pid list
n n n
: : _ }, 

where k = 1 and item item C
n1 1

,… ∈  in the table sequence TB
i

     1.2 Compute Frequent k-sequences (F
k
) as sequences with 

support greater than or equal to minsupport “s”.  
     1.2.1 if F

k
= ∅ then go to step 1.7.

     1.3 k = k + 1 //to prepare for the next iteration 
     1.4 Compute the next k-candidate (C

k
) sequence as: C F

k k
= −1  

⋈ 
GSP join k

F− −1

          1.4.1 if C
k
= ∅  then go to step 1.7.

     1.5 while (candidate k-seq C
k
≠ ∅ ) do Begin

          1.5.1 Compute Frequent k-sequences (F
k
) as those with 

support >= minsupport “s”. 
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          for each sequence S C
k

∈  do Begin
               1.5.1.1 If sequence S  is I-step sequence of the 
form (a b) then 
 Call function I-step Pruning of Algorithm 2
               1.5.1.2 else if Sequence S  is I-step sequence of 
the form (a)(b) then 
                Call function S-step Pruning of Algorithm 3
          end //for each sequence S loop 
          end //while loop 1.5 
     1.6 if (F

k
≠ ∅) then go to step 1.3

     1.7 F F F F
p k
= ∪ ∪…∪

1 2
. 

end //for each database 1 
end // of TidFSeq //

TheprocessofminingthetwodatabasesarepresentedformallyinAlgorithm1anddiscussed
inthefollowingsteps.Foreachinputdatabase,miningthedatabaseincludes:

Step 1:Getcandidate1-item(C
1
)sequenceset.Scan thedatabase tableonce togather the

transactionidsforeachcandidate1-itemasC
1
tuplesintheformof<1-Sequenceid,Position_idlist>

tuplesforeach1-iteminC
1
set.

Step 2:Findthefrequent1-itemsF
1

fromtheC
1
sequenceasthosewithmorethanminimum

supportcounttransactionids(e.g.,twofortheexampledatabases).Theoccurrencecountofeach
one-itemiseasilyobtainedfromtheC

1
bycountingthenumberoftransactionidsinitsTidlist(e.g.,

ofd d
1 2
, , andd

4
forsideeffect1means1hassupport3).

Step 3:Setthenextiterationk=k+1tocomputehigherlevelfrequentk-itempatterns.
Step 4:Generatethecandidatek-sequenceC

k
usinganadaptedversionoftheGSP-genjoin

function.Here,candidatesequencesaregeneratedusingtheGSP’sjoinfunctionas:C F
k k
= −1 �⋈

GSP gen k
F− −1 (Srikant&Agrawal1996)withournewlydefinedI-stepandS-stepjoinconditionsfor

sequences from MDB related through foreign key attribute based on definitions 6 and 7. If the
computedC

k
isanemptyset,theiterationendsbygoingtostep7.

Step 5:Computefrequentk-sequencesF
k

fromtheC
k

fromStep4usingtwodifferentfunctions
forcountingthesupportsofthetwotypesofsequencescalledI-stepandS-stepsequenceswithI-step
pruningandS-steppruningfunctions,respectively.Afterthecandidategenerationstep,ifthecandidate
sequenceisoftheform(ab)(i.e.,itemsettogether),thenitisanI-stepsequenceandI-steppruning
algorithmiscalledtocountitssupport.Otherwise,ifthesequenceisoftheform(a)(b)(itemsaand
bseparatelypurchased),thenitisanS-stepsequenceandS-steppruningalgorithmiscalledtocount
itssupport.ThebasicruleforcomputingsupportcountofanI-stepsequenceoftheform(ab)is:“If
itemsa andb havethesamesequenceidsandoccupythesamecolumn(subsequence)positions
(i.e.,havethesamepositionids),thensupportcountofsequence(ab)isincrementedby1”.Thebasic
ruleforcomputingsupportcountofanS-stepsequenceoftheform(a)(b)is:“Ifitemsa andb have
thesamesequenceidsanda occupiesanearlier(subsequence)columnpositionthanthatofb (i.e.,
positionidofa islessthanpositionidofb ),thensupportcountofsequence(a)(b)isincremented
by1.”ThesetworulesareimplementedbythetwocalledfunctionsofI-steppruningandS-step
pruningrespectively.IfthecomputedF

k
isanemptysetwithnosequences,theiterationendsby

goingtoStep7.
Step 6:Findthehigherorderfrequentk-sequenceaftertheI-stepandS-stepbypruningfunctions

returntothemainalgorithm.Tocomputethenextcandidate(k+1)-sequenceandfrequent(k+1)-
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sequence,thealgorithmgoesbacktoStep3,inwhichkissettok+1andtheremainingstepsarerun
iterativelyuntileitheraC

k
orF

k
generationstepyieldsanemptysetofsequences.

Step 7:Findthefinalsetoffrequentsequentialpatterns.Thefinaloutputisthefrequentsequential
patterns consisting of the union of all the frequent n-sequences for 1≤ ≤n k . This is like
FP F F F

k
= ∪ ∪…

1 2
.

Thisresultsetoftwoormultipletablesanswersuserqueriesfortheinput-relatedsequencetables,
including“whatarefrequentsequencesofsideeffectsaffectingpatients p

1
and p

3
?”

Algorithm 2: I-step Pruning (counting support of I-step sequences)
TheI-steppruningalgorithmcomputesthesupportcountofI-stepsequencesaftereachiteration
ofgenerating theextendedcandidate (k+1)-sequences from the frequentk-sequences.Thus, this
algorithmtakesthe(k+1)-sequencesandcountsthesupportofI-stepsequencesoftheform(a,b)so
thatitwillreturnonlythoseI-stepsequencesthatarefrequentwithsupportgreaterthanorequalto
thegivenminimumsupportcountusingDefinition6.Itgoesthroughthetwosteps.

Step 1: Compute the Support Count for the I-step Candidate Sequences of Form (a, b).
ThisisdoneusingDefinition6.Forexample,assumethereisacandidateI-stepsequence(1,2)and
the< Sequenceid,Position_idlist> tuplesforitem1is sid pos sid pos1 1 2 1, ,( )( ) (i.e.,item1
occursinsid1atpositionid:pos1andalsooccursinsid2atpositionid:pos1)andtuplesforitem2
are sid pos sid pos pos1 1 2 1 4, , ,( ) ( )( ) (i.e.,item2occursinsid1atpositionid:pos1andalsooccurs
insid2atpositionids:pos1,pos4).Fromthetuples,wecanseethatitem1anditem2havetwo
matchingsequenceids(i.e.sid1andsid2).Thecorrespondingpositionidsalsomatch(i.e.,items1
and2occuratpos1insid1andagainoccuratpos1insid2).The Sequenceid Positionidlist, tuple
forI-stepsequence(1,2)is< ( )( ) >sid pos sid pos1 1 2 1, , .ThesupportcountoftheI-stepsequence
is2.

Step 2: Checking Whether the I-Step Sequence is Frequent.Thesupportcountcomputedin
thepreviousstepischeckedforwhetheritsatisfiestheminimumsupportcount(i.e.,ifthesupport
count of I-step sequence is greater than or equal to minimum support count). If the minimum
supportcountis2,thentheI-stepsequence(12),whosesupportcountcalculatedinpreviousstep,
is2,satisfiestheminimumsupportcountandisfrequent.OutputofI-steppruning():Thefrequent
sequenceandits<Sequenceid,Position_id>listtupleswillbeaddedtotheresultsetthatwillbe
returnedtothemainprogram.

Algorithm 3: S-step Pruning (counting support of S-step sequences)
TheS-steppruningalgorithm(Algorithm3)acceptsasitsinputtheS-stepsequencesoftheform(a)
(b).ItreturnstheS-stepsequencesthatarefrequentandhavesupportcountsgreaterthanorequal
tothegivenminimumsupportcount.IncountingthesupportofeachS-stepsequence,itappliesthe
S-stepsupportcountruledefinedinthedefinitionsection.S-stepinputdataaretheS-stepcandidate
sequences of the form (a) (b) generated by candidate generation method of the main algorithm
(Algorithm1)andmin-supportcount(“s”).ItsoutputconsistsoftheS-stepfrequentsequenceswith
thetwostepsbelow:

Step 1: Compute Support Count for the S-Step Candidate Sequence of the Form (a)(b).
ThisisdoneusingtheruleofDefinition7.Forexample,assumethereisanS-stepcandidate

sequence(1)(2)andthe Sequenceid Position idlist, _ tuplesforitem1is sid pos sid pos
1 1 2 2
, ,( )( ) 

(i.e.,item1occursinsid
1
atsubsequencepositionid: pos

1
andalsooccursinsid

2
atpositionid:

pos
2

)andtuplesforitem2are< sid pos sid pos pos
1 3 2 1 4
, , ,( ) ( )( )> (i.e.,item2occursinsid

1
atsub
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sequencepositionid= pos
3

andalsooccursinsid
2

atpositionids= pos
1
, pos

4
).Fromthetuples,

wecanseethatitem1anditem2haveatotaloftwomatchingsequenceids(i.e., sid
1
and sid

2
).

Thecorrespondingpositionidsofitem1arelessthanthecorrespondingpositionidsofitem2(i.e.,
thepositionid( pos

1
)ofitem1in sid

1
islessthanpositionid( pos

3
)ofitem2in sid

1
andthe

positionid( pos
2

)ofitem1insid
2

islessthanpositionid( pos
4

)ofitem2insid
2

).Thetuplesfor
S-stepsequence(1)(2)are< sid pos pos sid pos pos

1 1 3 2 2 4
, , ( , ,( )( ) ( )( )> andthesupportcountofthe

S-stepforthesequence(1)(2)is2.
Step 2: Checking Whether the S-Step Sequence is Frequent.Thesupportcountcomputed

inthepreviousstepischeckedforwhetheritsatisfiestheminimumsupportcount.Iftheminimum
supportcountis2,thentheS-stepsequence(1)(2),whosesupportcountcalculatedinpreviousstep,
is2,satisfiestheminimumsupportcountandisfrequent.

eXAMPLe APPLICATIoN oF THe TIDFSeQ ALGoRITHM

Input.Multiplerelatedsequencetablesdb
1
=Drug/sequenceofside-effects(seeTable3),db

2
=

patient/drugssequence(giveninTable4,user-definedminimumsupportcount=2,Cdb
1
1 fordb

1
=

{sideeffectsids}={1,2,3,4},Cdb
1
2 fordb

2
={drugids}={d d d d

1 2 3 4
, , , }.

Output of the Algorithm.FrequentsequencesofeachdatabaseFSdb1 ,FSdb2 ,… ,FSdbn ,with
theassociatedsubsequenceidswheretheyoccurredlistedintheformof{F

n sequence− <: Ssidsthat
F occurred
n sequence− > }.Otherdata:Initialiterationk=1.

TheprocessofminingwiththesetwodatabasetablesusingtheTidFseqalgorithmgoesthrough
thefollowingstepsforeachdatabase.

Step 1:Generatethe< Sequenceid,Positionid(Pid)list> tupleforeach1-itemintheC
1
to

gettheC
1
sequencesetinverticalformatforthedrugs/sideeffectdatabaseofTable3showninTable

7,andofthepatient/drugsdatabaseofTable4showninTable8.
Forexample,inTable3(shownhereinTable7),wecanseethatitem“1”hasatupleofsequence

ids(i.e.,d d
1 2
, , andd

4
)andthecorrespondingpositionidsforeachsequenceid(i.e.,pide e

1 2
, ,in

sidd
1

,pide
1
insidd

2
,pide

1
insidd

4
).

Step 2:Findfrequent(F
1

)asFDB
1

1 ={sideeffects}={1,2,3}.F drugs d d dDB

1 1 2 3
2 = { } = { }, , .

Step 3:SinceF
1

arenotemptyset,wehavek=2.
Step 4: Finding candidate 2-sequencesC

2
:C FDB DB

2 1
1 1= ⋈

GSP gen

DBF− 1
1 .C FDB DB

2 1
2 2= ⋈

GSP gen

DBF− 1
2 .UsingtherulesforGSPjoin,thecandidate2-sequencesfortheinputDB

1
sequence

Drug/Sideeffectstable,Table3are:C2
DB1={(1)(1),(1)(2),(1)(3),(1,1),(1,2),(1,3),(2)(1),(2)(2),

(2)(3),(2,1),(2,2),(2,3),(3)(1),(3)(2),(3)(3),(3,1),(3,2),(3,3)}.Thecandidate2-sequencesfor
theinputDB

2
sequencetable,Table4are:C2

DB2={(d1)(d1),(d1)(d2),(d1)(d3),(d1,d1),(d1,d2),(d1,
d3),(d2)(d1),(d2)(d2),(d2)(d3),(d2,d1),(d2,d2),(d2,d3),(d3)(d1),(d3)(d2),(d3)(d3),(d3,d1),(d3,d2),(d3,
d3)}.

Step 5/6:Computingfrequent2-sequencesF
2
byfindingfrequentI-step(oftheform(12))and

S-step(oftheform(1)(2))sequencesthatarefrequent.Intheexample,thecandidateI-stepsequence
(1,2)hasthefollowing< Sequenceid,Position_idlist> tuplesforitem1anditem2:Item1as:
d e e d e d e
1 1 2 2 1 4 1
, , , , , ,( )( ) ( ) ( ) (i.e.,item1occursinsid:d

1
atpositionid:e e

1 2
, andalsooccursin

sid:d
2
andsid:d

4
atpositionid:e

1
)andItem2: d e d e

1 1 2 1
, , ,( ) ( ) (i.e.,item2occursinsid:d

1
at
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positionid:e
1
andalsooccursinsid:d

2
atpositionid:e

1
).Fromthetuples,itcanbeseenthatitem

1anditem2haveatotaloftwomatchingsequenceidsandpositionids(i.e.,item1anditem2occur
atpositionid:e

1
insid:d

1
andoccuratpositionid:e

1
insid:d

2
).TheconditionforI-stepsequence

ismettwice.Therefore,thesupportcountofsequence(1,2)is2,whichsatisfiestheinputsupport
count(2).Hence,I-stepsequence(1,2)isafrequentsequence.RunningtheI-stepsequenceprune
algorithm on the CDB

2
1  yields the following frequent F

2
 I-step sequences for DB1.

FDB
2
1 1 2 1 3 2 3= ( ) ( ) ( ){ }, , , , , foronlyI-stepsequences.RunningtheI-stepsequenceprunealgorithm

ontheCDB
2

2 yieldsthefollowingfrequentF
2
I-stepsequenceforDB

2
.F d dDB

2 1 2
2 = ( ){ }, foronly

I-stepsequences.IfitemsofacandidatesequenceoccurseparatelythenthisisanS-stepsequence
oftheform(a)(b).If“a”and“b”havesamesequenceidsand“a”occupiesearlierpositionthanthat
of“b,”ingreaterthanorequaltomin-supportnumberofsequences,then(a)(b)isfrequent.Inthe
exampledb

2
,candidateS-stepsequence d d

1 3( )( ) hasthefollowing< Sequenceid,Position_idlist
> tuplesforitemd

1
anditemd

3
inthesameS-stepsequence:Itemd

1
occurredintransactions

p p
1 3
, and p

4
withthegivenpositionidlists, p e p e e p e

1 1 3 1 2 4 1
, , , , , ,( ) ( )( ) ( ) (i.e.,itemd

1
occursin

Table 7. Transformed C
1

 item sequences for drug/side effects db1

1 2 3 4

SidPid_list SidPid_list SidPid_list SidPid_list

d
1

e e
1 2
� d

1
e
1

d
1

e
1

d
3

e
2

d
2

e
1

d
2

e
1

d
2

e
1

d
4

e
1

d
3

e
1

d
4

e
2

Table 8. Transformed item sequences for patient/drugs db2

d
1

d
2

d
3

d
4

SidPid_list SidPid_list SidPid_list SidPid_list

p
1

e
1

p
1

e
1

p
1

e
1

p
2

e
2

p
3

e e
1 2
� p

3
e
1

p
2

e
1

p
4

e
1

p
3

e
3

p
4

e
2
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sid: p
1

atpositionid:e
1
andoccursinsid: p

3
atpositionids:e e

1 2
, andalsooccursinsid: p

4
at

positionid: e
1
).Thepidlistfor itemitem d

3
 is: p e p e p e p e

1 1 2 1 3 3 4 2
, , , , , , ,( ) ( ) ( ) ( )  (i.e., item d

3


occursinsid: p p p p
1 2 3 4
, , , atpositionids:e e e e

1 1 3 2
, , , respectively).Fromthetuples,itemsd

1
and

d
3
havematchingsequenceids p

3
and p

4
.Forsid p

3
,correspondingpidsofitemd

1
(i.e.,e e

1 2
, )

islessthanthecorrespondingpidofitemd
3
(i.e.,e

3
)andsimilarlyforsid p

4
:correspondingpid

ofitem d
1

(i.e., e
1
)islessthancorrespondingpidof d

3
(i.e., e

2
).SincetheconditionforS-step

sequenceismettwice,thesupportcountofsequence d d
1 3( )( ) is2,whichsatisfiestheinputsupport

count(2).Hence,theresultofrunningtheS-stepsequencealgorithmonCDb
2

2 is d d
1 3( )( ){ } .The

resultofrunningtheS-stepsequencealgorithmonCDB
2

1 is∅ .Thus,thecompletesetoffrequent
sequencesforbothI-stepandS-stepsequencesisF sideeffectsDB

2
1 1 2 1 3 2 3= { } = ( ) ( ) ( ){ }, , , , , and

F drugs d d d dDB

2 1 2 1 3
2 = { } = ( ) ( )( ){ }, , .

Step 5 (again): Find higher order 3-sequences iteratively.C FDB DB

3 2
1 1= ⋈

GSP gen

DBF− 2
1  =

C FDB DB

3 2
2 2= ⋈

GSP gen

DBF− 2
2 .UsingtherulesforGSPjoin,thecandidate3-sequencesfortheinput

DB1sequenceDrug/Sideeffectstable,Table3are:CDB
3

1 1 2 3= ( ){ }, , .RunningtheI-stepandS-step

prunealgorithmsonthissetalsoconfirmsitfrequentsothatFDB
3

1 1 2 3= ( ){ }, , .Thecandidatethree-

sequencesfortheinputDB2sequencepatient/drugstable,Table4are:CDB
3

1 = ∅ andtheiteration
terminatesforthisDb2.

Step 6 (again):Findhigherorder4-sequencesforDB1iteratively.Since FDB
3

1 1 2 3= ( ){ }, , ,

C FDB DB

4 3
1 1= ⋈

GSP gen

DBF− = ∅
3

1 .NowtheiterationforDB1alsoterminates.
Step 7:ThefullminedsequentialpatternsfromDB

1
of(drugs,sequenceofsideeffects)data

intheformof(frequentsequenceofsideeffects:sequenceids(drugs)theyoccurredinare:FDB1=
{(1:d1,d2,d4),(2:d1,d2),(3:d1,d2,d3,d4),((1,2):d1,d2),((1,3):d1,d2),((2,3):d1,d2),((1,2,3):
d1,d2)}.ThefullminedsequentialpatternsfromDB

2
are:FDB2={(d1:p1,p3,p4),(d2:p1,p3),(d3:

p1,p2,p3,p4),((d1,d2):p1,p3),((d1,d3):p3,p4)}.Samplequeryhandledbytheproposedalgorithmfor
thegiveninputtables:Whatarethepossiblefrequentsequenceofsideeffectsthatthepatients p

1


and p
3
sufferfrom?Answer:Patients p

1
and p

3
havepurchaseddrugsd

1
andd

2
together.Andthe

drugs d
1

and d
2
causesideeffects1,2,and3tooccurtogether.Thisanswercanbederivedby

intersectingtheresultsetsoftheinputtablesfromDB
2

of(patients,sequenceofdrugspurchased)
and  f requen t  pa t t e r n  re su l t s  o f  DB

1
 (d r ugs ,  s equence  o f  s ide  e f fec t s )  a s :

d d p p d d p p
1 2 1 3 1 2 1 3

1 2 3 1 2 3( ) ∩ ( ) = ( ), , , . Weclearlyseehowtheproposedalgorithmis
abletosolvesuchcomplexqueriesformultiplerelatedsequencetablesthattheexistingsystemsare
notabletoachieve.

PeRFoRMANCe AND eXPeRIMeNTAL eVALUATIoN

ThissectioncomparestheexperimentalperformanceanalysisoftheTidFSeqalgorithmwiththe
ApproxMapalgorithmandPrefixSpanalgorithm.ThethreealgorithmswereimplementedwithJava
languagerunningunderEclipseenvironment.AllexperimentswereperformedonIntel(R)COREi7-
4700HQCPU@2.40Ghz.TheoperatingsystemisLinux.Syntheticdatasetsaregeneratedusingthe
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publiclyavailablesyntheticdatagenerationprogramoftheSPMFlibraryatwww.philippe-fournier-
viger.com/spmf/index.php.TheresultsobtainedbytheTidFSeqalgorithm,ApproxMapalgorithm,
andPrefixSpanalgorithmforminingfrequentsequentialpatternsonmultipledatabasetableswere
compared.Table9showsthedrug/sideeffectsdatabase1representingTable3forthedrugs/side
Effectssequencedatabase.Table10showsthepatient/drugssequencedatabase2representingTable
4.Thesesmallsequencedatasetsrepresenttwomultiplerelatedsequencetablesthathavebeenused
todescribetheproposedtechnique.

Thesedatasetsshowhowtheproposedalgorithmminesthefrequentsequencesfrombothdatasets
tosolveasamplequerythattheApproxMapandPrefixSpanalgorithmsarenotabletosolve.Note
thatthedatasetsintheinputdatafileareintheformofatextfile.Eachrowrepresentsasequence
andeachitemsetinsequenceisseparatedby“-1”while“-2”representstheendofthesequence.For
example,123-12-1-2intheinputdatafilerepresentsthesequence(1,2,3)(2).Thissequence
containsthetwoitemsets(1,2,3)and(2).Thestandardsequencedatasetsdonotcontaintransaction
ids(i.e.,sequenceids),intheexperiment,weassumethateachrowrepresentsasequenceandhasan
associatedsequenceid.Forreferencepurposes,thesequenceidsareincludedinboththedatasetsin
Table9forthedrug/sideeffectsdatabase1andTable10forpatient/drugsdatabase2beforethestart
ofeachsequence.TheprogramsTidFseqandPrefixSpangavetheexactminedfrequentsequential
patternsforthetwodatabasesasfoundintheexamplerunningoftheTidFseqalgorithm,butonly
theTidFseqgeneratedsequentialpatternscarrytheirassociatedtransactionorsequenceidsthatcan
beusedtolinkupfrequentpatternsinotherrelatedtablesthroughforeignkeyrelationship.Also,the
ApproXMapwasonlyabletofindapproximatesequentialpatternsandnotexactpatternsandisnot
abletolinkpatternsintableswithdifferentattributestructures.OnlytheproposedTidFseqalgorithm
isabletoanswercomplexqueriesinvolvingpatternsfrommorethanonetablesuchas:Whatarethe
possiblefrequentsequencesofsideeffectsthatthepatientsp1andp3sufferfrom?Thisquerycan
beansweredasanintersectionofthegeneratedfrequentsequentialpatternsusingtheirforeignkey
transactionidlinkthroughanSQLSELECTinstructionwithajoinofthepatternsontheforeignkey
as:SELECTOutput-db1.side-effects,Output-db2.patientsFROMOutput-db1,Output-db2WHERE
Output-db1.drugs=Output-db2.drugstaken;

Table 9. Drug/side effects table

Drug Sequence of Side Effects for Experiment

d1 123-11-1-2

d2 123-1-2

d3 3-14-1-2

d4 1-13-1-2

Table 10. Patient/drugs table

Patient Sequence of Drugs Purchased by Patient for 
Experiment

p1 d1d2d3-1-2

p2 d3-1d4-1-2

p3 d1d2-1d1-1-2

p4 d1-1d3-1-2
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Answertothisqueryfromthegeneratedpatternsis:(1,2,3)p1p2indicatingthatpatientsp1and
p3sufferfromfrequentsequenceofsideeffects(1,2,3).

ThefollowingexperimentsarecarriedoutonsyntheticdatasetsgeneratedwiththeSPFMlibrary
(Fournier-Viger,2016)containing250K,500K,750K,1M,and2Msequencesoverdifferentsupport
counts10%,20%,30%,40%,50%.Subsectionsprovidethecomparisonofthethreealgorithmsbased
on:

1. Executionspeed(speedofprocessing)ofthealgorithmsfordatasetscontaining250K,500K,
750K,1M,and2Msequencesoversupportcountsof10%,20%,30%,40%,50%.

2. Memoryusage(inMB)fordifferentdatasizesatMinsupportof40%.
3. Accuracyofthefrequentsequencesobtainedfordatasetscontaining250K,500K,750Ksequences

atminsupportof40%.
4. Executionspeedforfrequentsequencesobtainedfor250Ksequencedatasethavingsequences

oflengthgreaterthan10elements.

Comparison of execution Speed (Speed of Processing) of the Algorithms
Table11providestheresultofcomparingtheCPUexecutiontimesofthethreealgorithms,andit
canbeseenthatTidFseqalgorithmperformsconsiderablybetterthanApproxMapandPrefixSpan
algorithmsintermsofruntimeforincreasingdatasizes(i.e.,increasingnumberofsequences).The
ApproxMaphastoscantheinputdatabasetwice(firsttimetomakeallsequencesofequallength
andsecondtimetoscanthepre-processeddatabaseforfrequentapproximatesequences)compared
totheTidFseqalgorithmthatscansdatabaseoncetogetthesequenceidandpositionidlisttuples
fortheitems.

execution Times (in Secs) for Small Dataset (250K) at Different Supports
Table12showstheresultofcomparingtheCPUexecutiontimesofthethreealgorithmsformining
singletablesequencesforsmall-sizeddataset(250K)fordifferentsupportcounts.Itcanbeseenthat
withincreasingsupportcount,theruntimesforallthealgorithmsreduce.However,theTidFseq
algorithmclearlyhasbetterruntimesthantheApproxMapandPrefixSpanalgorithms,especially
whensupportislessthanorequalto30%.

Table 11. Execution times (in secs) for different datasets sizes at MinSupport of 40%

Algorithm 250K 500K 750K 1M 2M

TidFSeq 34.32 59.2 78.45 113.56 145.62

ApproxMap 66.2 72.1 98.7 156.9 220.15

PrefixSpan 7088 107.83 331 560.45

Table 12. Execution times (in secs) for small datasets at different supports

Algorithm 10% 20% 30% 40% 50%

TidFSeq 2905.1 792 73.03 34.32 14.2

ApproxMap 3866.6 1072.1 128.7 66.2 41.5

PrefixSpan 3869.09 1073 141 78.4 46.66
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execution Times (in Secs) for Large Dataset (2M) at Different Supports
Table13showstheresultsofcomparing therun timesof the threealgorithmsfor largedatasets
oftwomillionsequencesfordifferentsupportcounts.Whenprocessingverylargedataandwhen
supportcountsareless,theruntimesforallthreealgorithmsarealsobigger.AccordingtoTable13,
theTidFseqalgorithmrunsfasterthantheApproxMapandPrefixSpanalgorithms,includinghigher
supportcounts,whendataislarge.

CoNCLUSIoN AND FUTURe WoRK

ThisarticleproposestheTidFSeqalgorithm,whichextendsthetechniquesoftheTidFPalgorithm
forminingitemsetstothemorechallengingproblemofminingfrequentsequencesfromMDBsto
answermorecomplexqueriesfrommultiplerelatedsequencetables.Anewtechniqueofusing<
sequenceids,positionid_list> tupleswasderivedfromthe< transactionid,itemsets> tuplesused
intheTidFpalgorithmtominefrequentsequencesfrommultipletables.Itproposesnewalgorithms
forimplementingthesupportcountofgeneralsequencesconsistingofI-stepsequencetypesofthe
form(a,b)andS-stepsequencetypesoftheform(a)(b)whichwouldefficientlyusethesubsequence
occurrence ids(calledcolumnelement idandpositionid lists)ofeach1-itemtocorrectlycount
supportforanyextensionofitemsequences.TheI-steppruneandS-stepprunealgorithmsforcounting
supportsofsequenceswiththeirpositionidsarecontributions.AnadaptationoftheGSP-genjoin
for extending higher-order frequent sequences carrying their position id lists from the only one
databasescanwasused.Usingthefrequentsequencesandtheircorrespondingsequenceidsmined
frommultiplerelatedsequencetables,valuableuserqueriesformultiplerelatedsequencetablescan
beanswered.

Futureworkshouldconsiderotherwaysofstoringsequences,includinghashingmethods.This
canbeusedratherthanmemoryconsumingdatatuples.Aparallelprocessingframework,includinga
Map-Reduceframework,canprocessmultipletablesinparallelanddatacanbestoredinadistributed
storagesystemlikeHadoopdistributedfilesystemtohandlebigdataandgrowingsequences.The
proposedalgorithmcanbeextendedtominefrequentsequencesusingcompacttree-basedapproaches
andcondensedsequences,includingmaximalfrequentsequencepatterns.
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Table 13. Execution times for large dataset (2M) for different support count

Algorithm 10% 20% 30% 40% 50%

TidFSeq 30216.66 4876.23 701.01 145.62 70.89

ApproxMap 39994.96 5172.41 1008.5 220.15 142.3

PrefixSpan 41101 9908.4 5640.11 1590 896.32
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Key TeRMS AND DeFINITIoNS

Candidate Generation:istheprocessoflistingallpossiblecombinationsofitemsets/sequencesof
lengthkfromfrequentitemsets/sequencesoflengthk-1.

Complex Queries:queriesderivedfrompatternsfrommorethanonerelatedtableordatabase.
Foreign Key:isanattributethatappearsintwotablesandconnectsdatainthetables.
Frequent Patterns:arethesetofcandidateitemsets/sequenceswhichhaveoccurredinthedatabase

moreorequaltimesthanthegivenminimumsupportcount.
Frequent Itemsets:arefrequentpatternsthatconsistofonlyitemsetswhichhaveoccurredinthe

databasemoreorequaltimesthanthegivenminimumsupportcount.
Frequent Sequences:arefrequentpatternsthatconsistofonlysequenceswhichhaveoccurredin

thedatabasemoreorequaltimesthanthegivenminimumsupportcount.
Multiple Databases:arecomposedofmorethanoneitemsetorsequencedatabasetables.
Sequence Database:isadatabasewherethevalueofeachtupleorrowofdataisasequenceof

valueswithsomeimpliedhistoricaltimeorderofoccurrence.
Transaction Id:isacommonforeignkeyattributethatlinksmorethanonedatabasetabledata.
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