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Abstract

Thispaperpresentsasyntheticdatageneratorthatoutputstimestampedtransactionaldatawith embeddedtempo-
ral patternscontrolledby asetof inputparameters.In particular, calendarschema, whichis determinedby ahierarchy
of input time granularities,is usedasa framework of possibletemporalpatterns.An exampleof calendarschemais
(year, month,day),whichprovidesa framework for calendar-basedtemporalpatternsof theform �����	�
���	�
��
�� , where
each��� is eitheran integeror thesymbol � . For example, ���	���	������������� is sucha pattern,which correspondsto the
time intervalsconsistingof all the16thdaysof all monthsin year2000.Thispaperalsoevaluatesthedatagenerator
throughaseriesof experiments.Thesyntheticdatageneratoris intendedto providesupportfor dataminingcommu-
nity in evaluatingvariousaspects(especiallythetemporalaspectsandthescalability)of dataminingalgorithms.

1 Introduction

Knowledgediscovery in very largedatabaseshasbecomeanimportantresearchtopic in thedataminingcommunity.
Althoughexcellentideason new knowledgerepresentationmechanismsandalgorithmsto discover suchknowledge
areconstantlyemerging,datamining researchersoftenfaceanawkwardbut realproblem:they have no suitabledata
setsto examinetheir algorithms.Oneimportantreasonis that theorganizationsthathave collectedlargeamountof
dataareusuallyunwilling to sharetheir data,sinceby doingso they mayaccidentallydisclosetheir businesssecret
thatthey wouldratherkeepto themselves.As aresult,availabledatasetsareusuallynotgoodenoughto fully examine
thealgorithmsbeingstudied.

As analternativeto realdatasets,many researchersresortto syntheticdatasetsthatsharesimilarfeaturesto thereal
ones.For example,Agrawal et al. usedsyntheticdatasetsto studytheperformanceof severalalgorithmsfor mining
associationrules[AS94]. Thoughdifferentfrom realdatasets,syntheticdatasetscanhelpevaluatevariousaspectsof
thedataminingalgorithms,especiallythescalability.

Generationof synthetictransactionaldata(alsoknown as market basket data)wasfirst introducedto study the
discoveryof associationrulesin [AS94]. However, timeis notconsideredasafactorduringthetransactiongeneration.
Thegenerationprocedurewasaugmentedto take time into accountin [RMS98], but the interactionof differenttime
granularitiesis notconsideredand,asaresult,thegenerationproceduremaynotbeabletocapturesomecharacteristics
thatcommonlyexist in realdatasets.

In thispaper, weusecalendarschemaasa framework to incorporatetemporalinformationin multiplegranularities
into syntheticmarketbasketdata.A calendarschemaisdeterminedbyahierarchyof timegranularities.For example,a
calendarschemacanbe(year, month, day). A calendarschemaformsaframework for simplecalendar-basedpatterns
(or calendarpatternsfor short).For example,giventheabovecalendarschema,wecanderivecalendarpatternssuch
aseverydayof Januaryof 2000andevery16thdayof Januaryof everyyear. Our syntheticdatagenerator, whichwe



call tBasket1, takesasinputacalendarschemaaswell asotherparametersthatcontrolthetemporalandnon-temporal
featuresof thesyntheticdataset,andoutputsa setof timestampedsynthetictransactionsthathave someembedded
temporalpatternsasdesignatedby theinput parameters.Thesyntheticdatageneratoris intendedto provide support
for dataminingcommunityin evaluatingvariousaspectsof dataminingalgorithms.

ConsideringtBasketasatool for dataminingresearch,especiallyfor testingthescalabilityof temporaldatamining
algorithms,we hopetBasket is ableto generatesyntheticdatasetswith very differentfeaturesascontrolledby the
parameters.Wedesignaseriesof experimentsto examinetBasket. In theseexperiments,weareparticularlyinterested
in oneissue:canwegenerateverydifferentdatasets,especiallyin termsof temporalfeatures,by varyingtheinputpa-
rameters?Weusetwo metrics,itemset-index andpattern-index, to examinethegenerateddatasetsin ourexperiments,
andtheresultsdemonstratethattBasket is quiteeffective.

Therestof thepaperis organizedasfollows. Thenext sectionfirst reviewsthesyntheticmarketbasketdatagener-
ationproposedin [AS94], andthendescribeshow we incorporatetemporalinformationinto thegenerator. Section3
evaluatesourdatageneratorthrougha seriesof experiments.Section4 concludesthepaper.

2 The Market Basket Data Generator: tBasket

Our syntheticdatageneratoris basedon the well-known methoddiscussedby Agrawal et al. in [AS94]. In the
generatordiscussedin [AS94], timeis notconsideredasafactorduringdatageneration,andthegeneratedtransactions
haveno timestampsassociatedwith them.In thissection,wefirst briefly review themethodproposedin [AS94], then
presentthe representationmechanismof time by introducingtheconceptsof calendarschemaandcalendarpattern,
andthendiscusshow to incorporatetemporalinformationinto syntheticmarketbasketdatathroughcalendarschema
andcalendarpatterns.

2.1 A Previous Market Basket Data Generator

Thetransactionaldatagenerationprocedureproposedin [AS94] takesseveralparametersandgeneratesasetof trans-
actions,eachof which consistsof a setof items. In orderto mimic thetransactionsin theretailingenvironment,it is
assumedthatpeopletendto buy setsof itemstogether. In [AS94], sucha setis calleda “potentially large itemset”.
Thesizeof a potentiallylargeitemsetis chosenfrom a Poissondistributionwith meanequalto a parameter� . Given
anotherparameter� , totally � potentiallylarge itemsetsaregenerated.For eachsuchitemset,half of its itemsare
generatedrandomly, andtheotherhalf arepickedfrom thepreviousitemset.This capturesthephenomenonthatpo-
tentially largeitemsetsoftenhave commonitems. Eachsuchitemsetis alsoassigneda weight that is drawn from an
exponentialdistributionwith unit mean.

Thepotentiallylargeitemsetsarethenusedto generate� transactions,where � is anotherparameter. Thesizeof
eachtransactionis pickedfrom a Poissondistributionwith meanequalto a parameter . Eachtransactionis a union
of a setof potentiallylarge itemsetsthat arechosenoneby oneaccordingto their weights(like tossingan � -sided
weighteddice). If an itemsetdoesnot fit in the transactionexactly, the remainingpart of the itemsetis moved to
thenext transaction.To capturethephenomenonthat the itemsin a potentiallylarge itemsetarenot alwaysbought
togetherby customers,a noiselevel is setfrom a normaldistributionwith mean0.5andvariance0.1. While addinga
potentiallylargeitemsetto a transaction,we keepgeneratinga uniformly distributedrandomrealnumberbetween0
and1 anddroppinganitem from theitemsetaslongastherandomnumberis lessthanthenoiselevel.

2.2 Calendar Schema and Calendar-based Patterns

A calendarschemais a relationalschema!#"%$'&�(*)+�,(.-/&�(�0213)+�,(�021�-54	4545-�&�16)��7198 togetherwith a valid constraint
(explainedbelow). Eachattribute &�: is time granularity2 namelike year, month,andweeketc. Eachdomain �,: is a

1Detailedinformationandsoftwarepackageof tBaket arecurrentlyavailableathttp://www.ise.gmu.edu/; yli/tBasket.
2Formaldefinitionof timegranularityis givenin [BJW00]. It is oftenconvenientandsometimesnecessaryfor usersto definetimegranularities

andthenusethemin calendarschemas.Thereaderis referredto [LMF86] and[BJW00] for generationof user-definedtimegranularities.



finite subsetof thepositive integers.Theconstraintvalid is aBooleanfunctionon �,(=<7�,(�021><@?5?	?�<7�=1 specifying
which combinationsof the valuesin �,(A<B?	?5?C<D�=1 are “valid”. The valid constraintserves two purposes.The
first is to excludethecombinationsthatdo not correspondto any time intervalsdueto theinteractionof thecalendar
granularities.Thesecondpurposeof thevalid constraintis to excludethetime intervalsthatwearenot interestedin.

Given a calendarschema!E"F$'& ( )G� ( -�& (�0H1 )I� (�021 -5454	49-/& 1 )G� 1 8 , a calendar-basedpattern (or calendar
patternfor short)is a tupleon ! of the form JLK ( -/K (�0H1 -	454	49-MK 15N whereeachK : is in � : or the wild-cardsymbol O .
Thecalendarpattern J�K ( -MK (�021 -54	4545-/K 15N representsthesetof time intervalsthatareintuitively describedby “the K�P�Q1& 1 of the K P�QR & R , 4	454 , of K P�Q( & ( .” In theabovedescription,if K : is thewild-cardsymbol‘*’ (insteadof aninteger),then
thephrase“the K P�Q: ” is replacedby thephrase“every”. For example,giventhecalendarschema$ week,day, hour8 , the
calendarpatternJ'OS-5T+-5T	U N means“the 10thhouronthefirst day(i.e.,Monday)of everyweeks”.Eachcalendarpattern
in effectrepresentsthetimeintervalsgivenby asetof tuplesin �,(V<W?	?5?�<X�71 thatarevalid. For convenience,wecall
a calendarpatternwith at leastonewild-cardsymbolstar calendarpattern, anda calendarpatternwith no wild-card
symbolbasictimeinterval.

2.3 Incorporating Temporal Information

We extendthetransactiondatageneratorproposedin [AS94] by incorporatingtemporalinformation.Givencalendar
schema,we first generate� potentially large itemsetsfor eachbasictime interval Y�Z . We call theseitemsetsper-
interval itemsets. Thenwegeneratetransactionsfor Y	Z from per-interval itemsetsfor thesameY	Z following theexact
methodin [AS94]. Thenumberof transactionsfor Y�Z conformsto Poissondistributionwith meanequalto � .

To modelthe phenomenonthat someitemsetsmay be associatedwith temporalpatternsbut othersmay not, we
requirea subset(commonpart)of theper-interval itemsetsbechosenfrom a singlecommonsetof itemsetsandthat
theotherpart (independentpart)of theper-interval itemsetsbegeneratedindependently. We call the itemsetsin the
commonsetpatternitemsets. Thepatternitemsetsaresharedby per-interval itemsetsacrosssomebasictimeintervals.
We applythesamemethodof producingpotentiallargeitemsetsin [AS94] to generatebothpatternitemsetsandthe
independentpart of per-interval itemsets.We usea parameterpattern-ratio, [C\ , to determinethe percentageof the
per-interval itemsetsfor eachbasictime interval thatarechosenfrom thepatternitemsets.

Sofar, theremainingquestionis how to selectthecommonpartof per-interval itemsetsfrom thepatternitemsets.
We associateeachpatternitemsetwith several starcalendarpatterns.For eachbasictime interval Y�Z , we choosea
patternitemsetasa per-interval itemsetwheneveroneof theassociatedpatternscovers3 Y Z . Thenumberof calendar
patternsassignedto eachpatternitemsetconformsto a Poissondistributionwith mean]_^ .

Thecalendarpatternsassignedto patternitemsetsarepickedfrom thespaceof all starcalendarpatterns.To model
thephenomenonthatthestarcalendarpatternscoveringmorebasictime intervalsarelesspossibleto beusedin data
generationthanthosecovering fewer ones,we associatewith eachcalendarpatterna weight, `.a , wherè is a real
numberbetween0 and1 and b is thenumberof wild-cardsymbolsin thecalendarpattern(in ourexperiments,weuse`c"BUd4 e ). Thecalendarpatternsarechosenaccordingto theirweights.

To besimple,we assumethenumberof patternitemsetsis thesameasthenumberof per-interval itemsets.Under
suchassumption,theaveragenumberof starpatternsperpatternitemset,]3^ , canbecomputedby ]_^7"gf+h^�i , where[ \ is thepatternratioand̀ 1 canbecomputedby

`.1I" $jTlk@`m8 (on Tp ( 1 $/q � : q5kr`.8 n p ( 1 q � : q -
wherethenumeratorrepresentsthesumof weightsof starcalendarpatternsthatcover a basictime interval, andthe
dominatorrepresentsthesumof weightsof all starcalendarpatterns.Note that this formula holdsif all basictime
intervalsarevalid; otherwise,it shouldberevisedaccordingly.

In summary, we list theparametersthatareusedin ourdatageneratorin figure1. Theupperpartof tablein figure
1 shows the parametersrequiredby theoriginal datageneratorproposedin [AS94], while the lower part shows the
parametersrelatedto temporalfeatures.Figure1 alsoshows thedefaultvaluesof theparameters.

3A calendarpatterns coversanothercalendarpatternsMt if thesetof time intervalsof sMt is asubsetof thesetof time intervalsof s .



Notation Meaning Default valueu
Averagenumberof transactionsperbasictime interval 10,000v
Averagesizeof thetransactions 10w
Averagesizeof themaximalpotentiallylargeitemsets 4x
Numberof per-interval itemsets 1,000y
Numberof items 1,000z.{
Pattern-ratio 0.4

Figure1: Parametersfor datageneration

3 Evaluation of tBasket

3.1 Evaluation Metrics

To evaluatetBasket, we would like to seewhetherwe cangeneratedatasetswith very differenttemporalfeaturesby
adjustingtheinput parameters.We developtwo metrics,which arecloselyrelatedto theconceptof associationrules
[AIS93], to measurethetemporalfeatures.

Let usfirst briefly review someconceptsrelatedto associationrule andthendescribetheevaluationmetrics. An
associationrule is a relationshipbetweentwo disjoint itemsetsthatsatisfiessomeuser-givenconstraints,e.g.support
andconfidencerate[AIS93]. Thesupportof anitemsetin thesetof transactions| is thefractionof transactionsthat
containtheitemset.An itemsetis saidto be large if its supportin | exceedsa user-giventhreshold}c~����	�+` .

Givena basictime interval � undera calendarschema,we denotethesetof transactionsof which the timestamps
arecoveredby � as |7� ��� . For a basictime interval � in a calendarschema,an itemsetis saidto be large for � if it is
largein |7� ��� . For a calendarpatternY , anitemsetis large for Y if it is largefor eachbasictime interval coveredby Y .

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

1. Itemset-index ( � a q � a q ), where q � a q is thenumberof b -itemsetsthatarelarge in somestarpatterns.We also
call q � a q	b -itemset-index.

2. Pattern-index ( � a q � a q ), where q � a q is thenumberof starpatternsin whichsomeb -itemsetsarelarge.Wealso
call q � a q�b -pattern-index.

To calculatetheabovetwo metrics,weneedto find outall pairs J���-MY N wheretheitemset� is largefor thestarpatternY . Theitemset-index emphasizestheusers’behavior from theviewpoint of largeitemsets;whereasthepattern-index
focuseson theaspectof temporalpatterns.

As a matterof fact,if theitemsetsareonly largefor somebasictime intervalsbut not for any starpattern,they do
notrevealmuchinformationin termsof time. Therefore,weexcludeall basictimeintervalsfrom thecalendarpatterns
in theabovedefinition.

3.2 Synthetic Data Sets

To examineour datagenerator, a seriesof syntheticdatasetsaregeneratedby varyingoneparameterwhile keeping
othersat their default values(seefigure1). The calendarschema! usedin generationof datasetsis (year:� 1995-
1999� ,month,day).In experiments,we evaluatethe itemset-index andpattern-index andanalyzethe trendof these
metricsto thechangeof theparameters.Thesizeof thedatasetsrangesfrom 749MB to 5.41GB. Thedetailsof how
to minethelargeitemsetsandcalendarpatternsefficiently, which is thefoundationof computingtheindices,canbe
foundin [LNWJ01].
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Figure2: Evaluationresultonsyntheticdatasets



Theexperimentresultsareshown in figure2. Thedefault valueof }c~����	�+` is Ud4���e %. Theexperimentresultsare
organizedin six groupsthat aremarked alphabeticallyfrom � to Y . Eachgroupconsistsof two figures,which are
furtherdenotedby naturalnumber1 and2 (e.g. �mT and �S� for thegroup � ), demonstratingtheevaluationresultsat
differentpatternratioandby varyingoneof thefollowing parameters:}�~����5��` ,  , � , � , ] and � . For eachgroupof
results,theitemset-index is alwaysmeasuredby a logarithmscaleandthepattern-index by a linearscale.

Thefirst observationin figure2 is thatboth itemset-index andpattern-index increaseasthepatternratio becomes
large. This indicatesthat our datageneratorcanbe effectively tunedby the patternratio. To illustratethis, let us
examinetwo extremecasesof thepatternratio. In oneextremecasethatthepatternratio is zero,nopatternitemsetis
usedto generateper-interval itemsets;in otherwords,thetransactionsetfor eachbasictime interval is independently
generated.As aresult,little numberof itemsetsthatarelargefor somebasictime intervalsarealsolargefor somestar
patterns.Whereasin anotherextremecasethat thepatternratio is one,all per-interval itemsetsarepicked from the
samesetof pattern-itemsets.Comparedwith thepreviouscase,muchmoreitemsetsarelargefor a largernumberof
starpatterns.

The secondobservation is that the datageneratoris sensitive to the changesof parameters:}c~����	�+` ,  , � , and� . This observationis manifestedby thedistinctive separationamongdifferentcurvesin eachof thefigures2(a–d).
Therefore,awide rangeof itemset-index andpattern-index canbetunedthroughadjustingtheseparameters.

Thethird observationis thatbothitemset-index andpattern-index arestableastheparameter] or � changes.This
observationlies in thefactthatdifferentcurvesin eachof figures2(e,f)aretwinedtogether. This is a goodfeaturein
thecasethatusersintendto scaleupthenumberof itemsor thenumberof transactionsbut keeptheevaluationmetrics
unchanged.

3.3 Real Data Set

To illustratehow to selectparametersfor tBasket to simulatea real dataset(in termsof itemset-index andpattern-
index), weperformexperimentsto comparetheresultof syntheticdatasetswith theclicksdatafile in KDD Cup2000
datasets[KB00]. Theclicksdatafile consistsof homepagerequestrecords(i.e., transactions),eachof whichcontains
attributevaluesdescribingtherequestandthepersonwhosenttherequest.Examplesof theattributesincludewhenthe
requestwassubmitted,wherethepersonlives,andhow many childrenthepersonhas,andsoon. Therequestsrecorded
in theclicksdatafile covereightweeks(from the6thto the13thweekin year2000)plus6 days(in the14thweek).We
usethecalendarschema!��I��� R ��"�$ week )H���d-��S-5?5?	?�-5T	���+- day )��+T�-��S-	?5?5?�-�����- timeOfDay )��+T�-��S-/�S��8 , where
thedomainvaluesof weekrepresentthenumberof weekof year2000,thedomainvaluesof day representSunday,
Monday, ?	?5? , Saturday, andthe domainvaluesof timeOfDayrepresentearly morning(0am- 8am),daytime(8am-
4pm),andevening(4pm- 12pm).Thepredicatevalid evaluatesto Truefor all basictime intervalsin thenineweeks
exceptthelastday.

We preprocesstheclicksdatafile to removeNULL andunknownvaluesmarkedwith ‘?’. To simplify theproblem,
wefocuson thecategoricalattributesandignoreall theattributesidentifiedas“ignore”, “date”, “time”, and“continu-
ous”. Thepreprocesseddatasetconsistsof 1,203itemsand777,480transactions.Thelargesttransactionconsistsof
100items,thesmallesttransactionconsistsof 5 items,andthetransactionscontain23.4itemson average.Usingthe
aforementionedcalendarschema! �I��� R � , the maximumandthe minimumnumberof transactionsperbasictime
interval are27,807and12,respectively, andtheaveragenumberis 4,180.

We mine temporalassociationrulesin theclicks datafile using }c~����	��`�"�U�4���e�� . To simulatethe this dataset,
we generatea syntheticdatasetby tBasket usingcalendarschema! �I��� R � andparameters  "���� , ]F"¡T+-/��U+� ,�¢" �d-	T	£+U accordingto thestatisticsof theclicks datawhile keepingotherparametersat their default values.We
alsogenerateothertwo syntheticdatasetsby scalingup theaveragenumberof transactionsperbasictime interval to
5 timeslarger(i.e., �¤"¥��U�-/¦�U+U ) and10timeslarger(i.e., �§"¨�©T�-M£+U�U ) respectively.

Theexperimentalresultsaresummarizedin figure3. For thecaseof syntheticdatasets,aswe observedin figure
2, both itemset-index (seefigure3(a))andpattern-index (seefigure3(b)) increaseasthepatternratio becomeslarge.
The figuresalsoincludethe indexesfor the clicks dataset,whosevaluesareindependentof the patternratio. The
intersectionpoints betweenthe curve for the clicks dataand thosefor the syntheticdatasetsin figure 3 indicate
suitablevaluesof patternratio for generatingthesyntheticdatasetsthataresimilar to theclicks datain termsof the
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evaluationmetrics.

Discussion Note thatwe usethesamesetof itemswhengeneratingtransactionsfor all basictime intervals in our
experiments.To modelthephenomenonthatthesetof itemsmaychangealongthetime,wecanextendourgeneration
methodby usingdifferentsetsof itemsfor differentbasictime intervals.To furtherimprovetheability of tBasket for
simulatingrealdatasets,wemayfurtherconsidervarioustypesof distributionsandnoisefactorsin datageneration.

4 Conclusion

In this paper, we reportedthe developmentof a syntheticdatageneratornamedtBasket that outputstimestamped
transactionaldatawith embeddedtemporalpatternscontrolledby a setof input parameters.In particular, calendar
schemais usedasa framework of possibletemporalpatterns.Two metrics,itemset-index andpattern-index, were
developedto evaluatetBasket. Theexperimentsshowedthat tBasket cangeneratea wide rangeof synthetictransac-
tionaldataascontrolledby theinputparameters.ThedatageneratortBasketwasintendedto providesupportfor data
mining communityin evaluatingvariousaspects,especiallythe temporalaspectsandthescalability, of datamining
algorithms.

References

[AIS93] R. Agrawal, T. Imielinski, andA. N. Swami. Mining associationrulesbetweensetsof items in large
databases.In Proc.of the1993Int’l Conf. onManagementof Data, pages207–216,1993.

[AS94] R. Agrawal andR. Srikant.Fastalgorithmsfor miningassociationrulesin largedatabases.In Proc.of the
1994Int’l Conf. onVeryLarge DataBases, pages487–499,1994.

[BJW00] C. Bettini, S. Jajodia,andX.S. Wang. Timegranularitiesin databases,datamining, and temporal rea-
soning. Springer-Verlag,2000.

[KB00] R.Kohavi andC.Brodley. 2000knowledgediscoveryanddataminingcup.Datafor theCupwasprovided
by BlueMartini SoftwareandGazelle.com,2000.http://www.ecn.purdue.edu/KDDCUP/.

[LMF86] B. Leban,D. McDonald,andD. Foster. A representationfor collectionsof temporalintervals. In Proc.of
AAAI-19865th Int’l Conf. onArtifical Intelligence, pages367–371,1986.



[LNWJ01] Y. Li, P. Ning, X. S. Wang,andS. Jajodia. Discovering calendar-basedtemporalassociationrules. In
Proc.of the8th Int’l SymposiumonTemporal RepresentationandReasoning, 2001.

[RMS98] S.Ramaswamy, S.Mahajan,andA. Silberschatz.On thediscoveryof interestingpatternsin association
rules. In Proc.of the1998Int’l Conf. onVeryLargeDataBases, pages368–379,1998.


