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Abstract

This papemresents syntheticdatageneratothatoutputstimestampedransactionatlatawith embeddedempo-
ral patterncontrolledby asetof inputparametersin particular calendarschemawhichis determinedy ahierarchy
of inputtime granularitiesjs usedasa frameawvork of possibletemporalpatterns.An exampleof calendaischemas
(year month,day),which providesa framevork for calendatbasedemporalpatternsof theform (ds, d2, d1), where
eachd; is eitheranintegeror the symbol«. For example,(2000, %, 16) is sucha patternwhich correspondso the
time intenals consistingof all the 16thdaysof all monthsin year2000. This paperalsoevaluateghe datagenerator
througha seriesof experiments The syntheticdatageneratois intendedo provide supportfor dataminingcommu-
nity in evaluatingvariousaspectgespeciallythetemporalaspectandthe scalability)of datamining algorithms.

1 Introduction

Knowledgediscovery in very large databasebasbecomeanimportantresearctiopic in the datamining community

Althoughexcellentideason new knowledgerepresentatiomechanismgndalgorithmsto discover suchknowledge
areconstantlyemeging, datamining researchersftenfacean awvkward but real problem:they have no suitabledata
setsto examinetheir algorithms. Oneimportantreasons thatthe organizationghat have collectedlarge amountof

dataareusuallyunwilling to sharetheir data,sinceby doing so they may accidentallydisclosetheir businesssecret
thatthey would ratherkeepto themseles.As aresult,availabledatasetsareusuallynotgoodenougho fully examine
thealgorithmsbeingstudied.

As analternatveto realdatasets mary researchenesortto syntheticdatasetsthatsharesimilarfeaturego thereal
ones.For example,Agrawal et al. usedsyntheticdatasetsto studythe performancef severalalgorithmsfor mining
associatiomules[AS94]. Thoughdifferentfrom realdatasets syntheticdatasetscanhelpevaluatevariousaspect®f
thedatamining algorithms especiallythe scalability

Generationof synthetictransactionallata(also known as market baslet data)wasfirst introducedto studythe
discovery of associatiomulesin [AS94]. However, timeis notconsideredsafactorduringthetransactiomgeneration.
The generatiorproceduravasaugmentedo take time into accountn [RMS99, but the interactionof differenttime
granularitiess notconsidereénd,asaresult,thegeneratiorproceduranaynotbeableto capturesomecharacteristics
thatcommonlyexist in realdatasets.

In this paperwe usecalendarschemaasa frameawork to incorporateemporalinformationin multiple granularities
into synthetiomarketbasletdata.A calendaschemas determinedy ahierarchyof time granularities For example a
calendaschemaanbe (year month day). A calendaschemdormsaframework for simplecalendarbasedatterns
(or calendarpatternsfor short). For example, giventhe above calendaischemaywe canderive calendampatternssuch
aseveryday of Januaryof 2000andevery 16thday of Januaryof everyyear. Our syntheticdatageneratarwhich we



call tBaslet', takesasinputa calendasschemaaswell asotherparametershatcontrolthe temporalandnon-temporal
featuresof the syntheticdataset,and outputsa setof timestampedynthetictransactionshat have someembedded
temporalpatternsasdesignatedby theinput parametersThe syntheticdatageneratois intendedto provide support
for datamining communityin evaluatingvariousaspect®f datamining algorithms.

ConsideringBasletasatool for datamining researchespeciallyfor testingthe scalabilityof temporaldatamining
algorithms,we hopetBaslet is ableto generatesyntheticdatasetswith very differentfeaturesas controlledby the
parametersWe designa seriesof experimentgo examinetBaslet In theseaxperimentsye areparticularlyinterested
in oneissue:canwe generatevery differentdatasets especiallyin termsof temporalfeatureshy varyingtheinputpa-
rameters?Ve usetwo metrics jitemset-inde andpattern-inde, to examinethegeneratediatasetsin our experiments,
andtheresultsdemonstrat¢hattBaslet is quite effective.

Therestof the paperis organizedasfollows. Thenext sectionfirst reviews the syntheticmarket baslet datagener
ation proposedn [AS94], andthendescribesow we incorporateemporalinformationinto the generatar Section3
evaluatesur datageneratothrougha seriesof experiments Section4 concludeghe paper

2 TheMarket Basket Data Generator: tBasket

Our syntheticdatageneratotis basedon the well-known methoddiscussedy Agrawal et al. in [AS94]. In the

generatodiscussedh [AS94], timeis notconsideresafactorduringdatagenerationandthegeneratedransactions
have notimestampassociateavith them.In this sectionwe first briefly review the methodproposedn [AS94], then

presenthe representatiomechanisnof time by introducingthe conceptsof calendarschemaand calendampattern,
andthendiscusshow to incorporatedemporalinformationinto syntheticmarket baslet datathroughcalendaschema
andcalendapatterns.

2.1 A PreviousMarket Basket Data Gener ator

Thetransactionatlatageneratiorprocedurgroposedn [AS94] takessereralparameterandgeneratea setof trans-
actions,eachof which consistof a setof items. In orderto mimic the transactiongn theretailingernvironment,it is
assumedhat peopletendto buy setsof itemstogether In [AS94], sucha setis calleda “potentially large itemset”.
Thesizeof apotentiallylargeitemsetis choserfrom a Poissordistribution with meanequalto a parameted. Given
anotherparametell, totally L potentiallylarge itemsetsare generated For eachsuchitemset,half of its itemsare
generatedandomly andthe otherhalf are picked from the previousitemset. This captureghe phenomenoihatpo-
tentially large itemsetsoften have commonitems. Eachsuchitemsetis alsoassigned weightthatis dravn from an
exponentialdistribution with unit mean.

The potentiallylargeitemsetsarethenusedto generateD transactionsyhere D is anothemparameterThe sizeof
eachtransactioris pickedfrom a Poissondistribution with meanequalto a parametefl’. Eachtransactioris a union
of a setof potentiallylarge itemsetsthat are chosenone by oneaccordingto their weights(like tossingan L-sided
weighteddice). If anitemsetdoesnot fit in the transactionexactly, the remainingpart of the itemsetis moved to
the next transaction.To capturethe phenomenoithattheitemsin a potentiallylarge itemsetare not alwaysbought
togethery customersanoiselevel is setfrom a normaldistribution with mean0.5andvarianced.1. While addinga
potentiallylargeitemsetto a transactionywe keepgeneratinga uniformly distributedrandomreal numberbetweerD
and1 anddroppinganitem from theitemsetaslong astherandomnumberis lessthanthenoiselevel.

2.2 Calendar Schema and Calendar-based Patterns

A calendarschemais arelationalschemaR = (f,, : Dy, fn-1 : Dn_1,..., f1 : D1) togethemwith avalid constraint
(explainedbelow). Eachattribute f; is time granularity namelik e year month,andweeketc. EachdomainD; is a

1Detailedinformationandsoftwarepackageof tBaket arecurrentlyavailableat http://wwwisegmu.edubyli/tBasket
2Formaldefinitionof time granularityis givenin [BJWO0O0]. It is oftencorvenientandsometimesiecessarfor usergo definetime granularities
andthenusethemin calendaischemasThereaderis referredto [LMF86] and[BJWOO] for generatiorof userdefinedtime granularities.



finite subsebf the positive integers.Theconstrainwalid is a Booleanfunctionon D,, x D,,_; x - - - x Dy specifying
which combinationsof the valuesin D,, x --- x D; are“valid”. The valid constraintsenestwo purposes.The
firstis to excludethe combinationghatdo not correspondo ary time intervals dueto theinteractionof the calendar
granularitiesThesecondourposeof thevalid constraints to excludethetime intervalsthatwe arenotinterestedn.

Given a calendarschemaR = (f, : Dy, fn-1 : Dn-1,...,f1 : D;), a calendarbasedpattern (or calendar
patternfor short)is atupleon R of the form {d,,,d,,—1, . . .,d;) whereeachd; is in D; or the wild-card symbolx.
The calendampattern(d,,,d,_1, .. .,d;) representshe setof time intervals thatareintuitively describedy “the d%*

f1ofthedd® f, ..., of @ f,” Intheabosedescriptionif d; is thewild-cardsymbol*' (insteadof aninteger),then
thephraséethe dt"” is replacedby the phrase'every”. For example giventhe calendaschemgweek,day, hour), the
calendapattern(x, 1, 10) meansthe 10thhouronthefirst day(i.e.,Monday)of everyweeks”.Eachcalendapattern
in effectrepresentthetimeintervalsgivenby asetof tuplesin D,, x -- - x D, thatarevalid. For corvenienceye call
a calendampatternwith atleastonewild-card symbolstar calendarpattern anda calendampatternwith no wild-card
symbolbasictimeinterval.

2.3 Incorporating Temporal Information

We extendthe transactiordatageneratoproposedn [AS94] by incorporatingemporalinformation. Given calendar
schemaywe first generatel, potentially large itemsetsfor eachbasictime internval eg. We call theseitemsetsper-

intervalitemsets Thenwe generatdransactiongor ey from perinterval itemsetsor the samee, following the exact
methodin [AS94]. Thenumberof transaction$or eq conformsto Poissordistribution with meanequalto D.

To modelthe phenomenoithat someitemsetsmay be associatedvith temporalpatternsbut othersmay not, we
requirea subsefcommonpart) of the perinterval itemsetshe choserfrom a singlecommonsetof itemsetsandthat
the otherpart (independenpart) of the perinterval itemsetshe generatedndependentlyWe call the itemsetsin the
commonsetpatternitemsets The patterntemsetsaresharedy perintenal itemsetsacrossomebasictimeintenals.
We apply the samemethodof producingpotentiallargeitemsetsn [AS94] to generatédoth patternitemsetsandthe
independenpart of perintenal itemsets.We usea parametepattern-matio, P,, to determinethe percentagef the
perinterval itemsetdor eachbasictime interval thatarechoserfrom the patternitemsets.

Sofar, theremainingquestionis how to selectthe commonpartof perinterval itemsetsrom the patternitemsets.
We associateeachpatternitemsetwith several starcalendarmatterns. For eachbasictime interval eq, we choosea
patternitemsetasa perinterval itemsetwheneer oneof the associateghatternscovers’ eg. The numberof calendar
patternsassignedo eachpatternitemsetconformsto a Poissordistribution with meaniv,,.

The calendampatternsassignedo patternitemsetsarepickedfrom the spaceof all starcalendaipatterns.To model
the phenomenothatthe starcalendapatternscoveringmorebasictime intenalsarelesspossibleto be usedin data
generatiorthanthosecovering fewer ones,we associatevith eachcalendarmpatterna weight, p*, wherep is a real
numberbetweerD and1 andk is thenumberof wild-cardsymbolsin the calendapattern(in our experimentswe use
p = 0.5). Thecalendapatternsarechoseraccordingo their weights.

To be simple,we assuméahe numberof patternitemsetss the sameasthe numberof perinterval itemsets.Under
suchassumptionthe averagenumberof starpatternsper patternitemset,N,,, canbe computedoy N, = %, where
P, isthepatternratioandp,; canbecomputedy

_ (I+p)"—1
¢ (|Ds| + p) — T Dy’

D1

wherethe numeratorrepresentshe sumof weightsof starcalendarpatternghatcover a basictime interval, andthe
dominatorrepresentshe sumof weightsof all starcalendampatterns.Note that this formula holdsif all basictime
intervalsarevalid; otherwisejt shouldberevisedaccordingly

In summarywe list the parameterghatareusedin our datageneratoin figure 1. The upperpartof tablein figure
1 shows the parametersequiredby the original datageneratoproposedn [AS94], while the lower part shavs the
parameterselatedto temporalfeaturesFigurel alsoshavs the defaultvaluesof the parameters.

3A calendampatterne coversanothercalendapatterne’ if thesetof timeintenalsof ¢’ is a subsebf the setof time intenals of e.



Notation | Meaning | Defaultvalue |

D Averagenumberof transactionperbasictimeinterval | 10,000
T Averagesizeof thetransactions 10

I Averagesizeof themaximalpotentiallylargeitemsets | 4

L Numberof perintenal itemsets 1,000
N Numberof items 1,000
P, Pattern-ratio 0.4

Figurel: Parameter$or datageneration

3 Evaluation of tBasket

3.1 Evaluation Metrics

To evaluatetBaslet, we would lik e to seewhetherwe cangeneratelatasetswith very differenttemporalfeaturesy
adjustingthe input parametersWe developtwo metrics,which arecloselyrelatedto the conceptof associationrules
[AIS93], to measurdhetemporalfeatures.

Let usfirst briefly review someconceptselatedto associatiorrule andthendescribethe evaluationmetrics. An
associatiorrule is arelationshipbetweertwo disjointitemsetghatsatisfiessomeusergivenconstraintse.g. support
andconfidencaate[AIS93. The supportof anitemsetin the setof transactiong™ is thefractionof transactionshat
containtheitemset.An itemsetis saidto belargeif its supportin 7 exceedsa usergiventhresholdmninsup.

Givena basictime internval ¢ undera calendarschemayve denotethe setof transaction®f which the timestamps
arecoveredby ¢ as7T[t]. For abasictime interval ¢ in a calendarschemaan itemsetis saidto belarge for ¢ if it is
largein TTt]. For acalendaipatterne, anitemsetis large for e if it is largefor eachbasictime interval coveredby e.

Given a supportconstraint,an importantfeatureof market baslet datais the numberof large itemsetsthat are
embeddedn the data. Taking the temporalfeatureinto account,we evaluateour baslet datageneratomwith the
following two metrics:

1. Itemset-inde (3", |Lx|), where|L;| is the numberof k-itemsetshatarelargein somestarpatterns.We also
call |Ly| k-itemset-inde.

2. Pattern-index (3", | Ex|), where| Ey| is thenumberof starpatterngn which somek-itemsetsarelarge. We also
call |Ey| k-pattern-index.

To calculatetheabove two metrics,we needto find outall pairs{l, e) wheretheitemset is largefor thestarpattern
e. Theitemset-indg emphasizethe users’behaior from theviewpoint of largeitemsetswhereashe pattern-inde
focusesntheaspecobf temporalpatterns.

As amatterof fact,if theitemsetsareonly largefor somebasictime intervals but not for ary starpattern they do
notrevealmuchinformationin termsof time. Thereforewe excludeall basictime internvalsfrom thecalendapatterns
in theabove definition.

3.2 Synthetic Data Sets

To examineour datageneratara seriesof syntheticdatasetsaregeneratedy varying oneparametervhile keeping
othersat their default values(seefigure 1). The calendarschemaR usedin generatiorof datasetsis (year{1995-
1999}, month,day).In experimentswe evaluatethe itemset-inde and pattern-inde and analyzethe trend of these
metricsto thechangeof the parametersThesizeof thedatasetsrangesrom 749MB to 5.41GB. Thedetailsof how

to minethe large itemsetsandcalendapatternsefficiently, which is the foundationof computingthe indices,canbe
foundin [LNWJO1].
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The experimentresultsareshown in figure 2. The default valueof minsup is 0.75%. The experimentresultsare
organizedin six groupsthatare marked alphabeticallyfrom a to e. Eachgroupconsistsof two figures,which are
further denotedby naturalnumberl and?2 (e.g. al anda2 for the groupa), demonstratinghe evaluationresultsat
differentpatternratio andby varyingoneof thefollowing parametersininsup, T', L, I, N andD. For eachgroupof
results theitemset-ind& is alwaysmeasuredby alogarithmscaleandthe pattern-inda& by alinearscale.

Thefirst obsenationin figure 2 is thatboth itemset-ind& and pattern-inde& increaseasthe patternratio becomes
large. This indicatesthat our datageneratorcan be effectively tunedby the patternratio. To illustratethis, let us
examinetwo extremecase®f the patternratio. In oneextremecasethatthe patternratiois zero,no patternitemsets
usedto generatgerinterval itemsetsjn otherwords,thetransactiorsetfor eachbasictime intenal is independently
generatedAs aresult little numberof itemsetghatarelargefor somebasictime intervalsarealsolargefor somestar
patterns.Whereadn anotherextremecasethatthe patternratio is one,all perinterval itemsetsare picked from the
samesetof pattern-itemsetsComparedvith the previous case muchmoreitemsetsarelarge for a larger numberof
starpatterns.

The secondobsenationis that the datageneratoiis sensitve to the changef parametersminsup, T', L, and
I. This obsenationis manifestedy the distinctive separatioramongdifferentcurvesin eachof the figures2(a—d).
Therefore awide rangeof itemset-ind& andpattern-ind& canbetunedthroughadjustingtheseparameters.

Thethird obsenationis thatbothitemset-ind& andpattern-ind& arestableastheparameteN or D changesThis
obsenationliesin thefactthatdifferentcurvesin eachof figures2(e,f) aretwinedtogether This is a goodfeaturein
thecasethatuserdntendto scaleup thenumberof itemsor thenumberof transactiongut keeptheevaluationmetrics
unchanged.

3.3 Real Data Set

To illustratehow to selectparameterdor tBaslket to simulatea real dataset(in termsof itemset-ind& and pattern-
index), we performexperimentdo compareheresultof syntheticdatasetswith theclicks datafile in KDD Cup2000
datasets|KBOO]. Theclicks datafile consistof homepageequestecordg(i.e., transactions)achof which contains
attributevaluesdescribingherequesaindthepersonvhosenttherequestExamplef theattributesincludewhenthe
requestvassubmittedwherethepersorives,andhow mary childrenthepersorhas,andsoon. Therequestsecorded
in theclicks datafile covereightweeks(from the 6thto the 13thweekin year2000)plus6 days(in the 14thweek).We
usethecalendaischemaRkpp2x = (Week : {6,7,---,14},day : {1,2,---,7},ti meOf Day : {1,2,3}), where
the domainvaluesof weekrepresenthe numberof weekof year2000,the domainvaluesof day represenSunday
Monday - - -, Satuday, andthe domainvaluesof timeOfDayrepresentarly morning(Oam- 8am),daytime(8am-
4pm),andevening(4pm- 12pm). The predicatevalid evaluateso Truefor all basictime intervalsin the nine weeks
exceptthelastday.

We preprocestheclicks datafile to remose NULL andunknown valuesmarkedwith “?’. To simplify the problem,
we focuson the categoricalattributesandignoreall the attributesidentifiedas“ignore”, “date”, “time”, and“continu-
ous”. The preprocessedatasetconsistsof 1,203itemsand777,480transactionsThe largesttransactiorconsistsof
100items,the smallestransactiorconsistof 5 items,andthetransactiongontain23.4itemson average.Usingthe
aforementionedalendarschemaR k pp2x, the maximumandthe minimum numberof transactionger basictime

interval are27,807and12, respectiely, andthe averagenumberis 4,180.

We mine temporalassociatiomulesin the clicks datafile usingminsup = 0.75%. To simulatethe this dataset,
we generatea syntheticdatasetby tBaslet usingcalendarschemaR k pp2x andparameterd” = 23, N = 1,203,
D = 4,180 accordingto the statisticsof the clicks datawhile keepingotherparameterst their default values. We
alsogeneratethertwo syntheticdatasetsby scalingup the averagenumberof transactionperbasictime interval to
5timeslarger(i.e.,D = 20,900) and10timeslarger(i.e.,D = 41, 800) respectiely.

The experimentalresultsare summarizedn figure 3. For the caseof syntheticdatasets,aswe obsenedin figure
2, bothitemset-ind& (seefigure 3(a)) andpattern-ind& (seefigure 3(b)) increaseasthe patternratio becomedarge.
Thefiguresalsoincludethe indexesfor the clicks dataset, whosevaluesareindependenof the patternratio. The
intersectionpoints betweenthe curve for the clicks dataand thosefor the syntheticdatasetsin figure 3 indicate
suitablevaluesof patternratio for generatinghe syntheticdatasetsthataresimilar to the clicks datain termsof the
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evaluationmetrics.

Discussion Note thatwe usethe samesetof itemswhengeneratingransactiongor all basictime intervalsin our
experimentsTo modelthephenomenothatthesetof itemsmaychangealongthetime, we canextendour generation
methodby usingdifferentsetsof itemsfor differentbasictime intervals. To furtherimprove the ability of tBasletfor
simulatingreal datasets we may furtherconsidewarioustypesof distributionsandnoisefactorsin datageneration.

4 Conclusion

In this paper we reportedthe developmentof a syntheticdatageneratomamedtBaslet that outputstimestamped
transactionatlatawith embeddedemporalpatternscontrolledby a setof input parametersin particular calendar
schemais usedasa framework of possibletemporalpatterns. Two metrics,itemset-inde and pattern-inde, were

developedto evaluatetBaslet The experimentsshavedthattBaslet cangeneratea wide rangeof synthetictransac-
tional dataascontrolledby theinput parametersThe datageneratotBaslet wasintendedo provide supportfor data
mining communityin evaluatingvariousaspectsespeciallythe temporalaspectandthe scalability of datamining

algorithms.
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