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ABSTRACT

Theaimofprocessdiscoveryistodiscoverprocessmodelsfromtheprocessexecutiondatastored
ineventlogs.Intheeraof“BigData,”oneofthekeychallengesistoanalyzethelargeamounts
ofcollecteddatainmeaningfulandscalableways.Mostprocessdiscoveryalgorithmsassumethat
allthedatainaneventlogfullycomplywiththeprocessexecutionspecification,andtheprocess
eventlogsarenoexception.However,realeventlogscontainlargeamountsofnoiseanddatafrom
irrelevantinfrequentbehavior.Theinfrequentbehaviorornoisehasanegativeinfluenceontheprocess
discoveryprocedure.Thisarticlepresentsatechniquetoremoveinfrequentbehaviorfromeventlogs
bycalculatingtheminimumexpectationoftheprocesseventlog.Themethodwasevaluatedindetail,
and the results showed that its application inexistingprocessdiscoveryalgorithmssignificantly
improvesthequalityofthediscoveredprocessmodelsandthatitscaleswelltolargedatasets.
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1. INTRoDUCTIoN

Processminingreferstoafamilyoftechniquesinthefieldofprocessmanagementusedtosupport
theanalysesofbusinessprocessesbasedoneventlogs.Businessprocessminingaimsattheautomatic
constructionofmodelsthatexplainthebehaviorobservedineventlogs(Vanetal.,2007).Thereare
threeclassesofprocessminingtechniques:processdiscovery,conformancechecking,andprocess
enhancement.Processdiscoveryisbasedonaneventlog,andanewmodel,anapriorimodel,is
constructedordiscoveredbasedonthelow-levelevents.Conformancecheckingisusedwhenthereis
anapriorimodel.Theexistingmodeliscomparedwiththeprocesseventlog,andthediscrepancies
betweenthelogandthemodelareanalyzed.Performanceminingisusedwhenthereisanapriori
model.Themodel isextendedwithnewperformance information,suchas theprocessing times,
cycletimes,waitingtimes,andcosts,sothatthegoalisnottocheckforconformance,butratherto
improvetheperformanceoftheexistingmodelwithrespecttocertainprocessperformancemeasures.
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Duringtheprocessmining/processidentificationprocedure,processdiscoveryisthefirststep
toconstructthepriormodule,anditisoftenusedtoquicklyobtaininsightsintotheprocessunder
study(Vanetal.,2016).Mostprocessdiscoveryalgorithmsassumethattheeventlogsrepresentthe
behavioraccurately,andthatthelogsareclean.Thus,thesealgorithmsaredesignedtoincorporate
allofthebehaviorsintheeventlogintotheirresultingprocessmodelasmuchaspossible(Huang
etal.,2018).However,realeventlogscontainoutliers,andtheseoutliersmayrepresentnoiseor
infrequentbehaviors(Măruşteretal.,2006).Ingeneral,noisereferstobehaviorthatdoesnotconform
totheprocessspecificationand/oritscorrectexecution.Infrequentbehaviorrelatestoeventsthat
mayhappeninexceptionalcasesoftheprocess(Sanietal.,2017).Previousworksshowthatthe
lowlevelsofinfrequentbehaviorhaveadetrimentaleffectonthequalityofthemodelsproducedby
variousdiscoveryalgorithms,suchastheheuristicsminer(Weijtersetal.,2011),theFodinaprocess
discovery(Vandenetal.,2017),andtheinductiveminer(Leemansetal.,2013)algorithms,even
thoughthesealgorithmsclaimtohavenoise-tolerantcapabilities.

Thispaperdealswiththeissueofdiscoveringhigh-qualityprocessmodelsinthepresenceof
infrequentbehaviorintheeventlogs,thatis,byfilteringtheeventlogpriortoapplyinganyparticular
processdiscoveryalgorithm.

Theremainderofthispaperisstructuredasfollows.InSection2,wediscusstherelatedwork,
andinSection3,wedefinetheproposedtechniqueandexplainourproposedmethod.Detailsof
theevaluationandthecorrespondingresultsaregiveninSection4.Finally,Section5concludesthe
paperanddiscussesfuturework.

2. RELATED woRK

Anumberofoutlierdetectionalgorithmshavebeenproposedinthedataminingfield.Thesealgorithms
buildadatamodel(e.g.,astatistical,linear,orprobabilisticmodel)thatdescribesthenormalbehavior
andconsidersalldatapointsthatdeviatefromthismodelasoutliers(Aggarwaletal.,2015).

Inthecontextoftemporaldata,thesealgorithmshavebeenextensivelysurveyedbyGuptaetal.
(2014)(foreventswithcontinuousvalues,knownastimeseries)andbyChandolaetal.(2012)(for
eventswithdiscretevalues,knownasdiscretesequences).

AccordingtoGuptaetal. (2014),wecanclassifytheseapproachesintothreemajorgroups.
Thefirstgroupencompassestheapproachesthatdealwiththeproblemofdeterminingifanentire
sequenceofeventsisanoutlier.Theseapproacheseitherbuildamodelfromtheentiredataset,i.e.,
fromallthesequences(e.g.,Budalakotietal.,2009,Florez-Larrahondoetal.,2005,Sunetal.,2006
andZhangetal.,2003)orsubdividethedatasetintooverlappingwindowsandbuildamodelforeach
window(e.g.,Hofmeyretal.,1998,Laneetal.,1997,1999).Whiletheapproachesinthisgroup
can,inprinciple,beusedforfilteringouttheinfrequentprocessbehaviorineventlogs,thefiltering
wouldbetoocoarsegrainedandleadtotheremovalofentiretracesinthelog,whichwouldimpact
theaccuracyofthediscoveredprocessmodel.

Approachesinthesecondgroupidentifysingledatapointsasoutliers(e.g.,Basuetal.,2007,
Keoghetal.,2002andMuthukrishnanetal.,2004)orsequencesthereof(e.g.,Yankovetal.,2008)on
thebasisofadatamodelofthenormalbehaviorinthelog,e.g.,astatisticalmodel.Theseapproaches
arenotsuitablesincetheyworkatthelevelofasingletimeseries.Toapplythemtoourproblem,we
wouldneedtotreattheentirelogasauniquetimeseries,whichwouldleadtomixingeventsfrom
differenttracesbasedontheirabsoluteorderofoccurrenceinthelog.Anotheroptionistotreatevery
traceasaseparatetimeseries.

However,giventhattheprocesseventsarenotrepeatedoftenwithinatrace,theirrelative
frequencywouldbevery low,whichwould lead toconsideringalmostall theeventsofa
traceasoutliers.

Finally,approachesinthethirdgroupidentifytheanomalouspatternswithinsequences(e.g.,
Gwaderaetal.,2005andKeoghetal.,2002).Theseapproachesassignananomalyscoretoapattern
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