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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.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonApril1,2020willproceedwithpublicationasanOpenAccessarticle
startingonFebruary1,2021inthegoldOpenAccessjournal,InternationalJournalofCognitiveInformaticsandNaturalIntelligence(con-
vertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://
creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorof

theoriginalworkandoriginalpublicationsourceareproperlycredited.
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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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basedonthedifferencebetweenthefrequencyofthepatterninthetrainingdatasetandthefrequency
ofthepatterninthesequenceunderanalysis.Theseapproachesarenotsuitableinourcasedueto
theabsenceofanoise-freetrainingdatasetthatcanbeusedasinput.

Theoutlierdetectionalgorithms,e.g.,Guptaetal.(2011,2014),thataregivenagraphbuiltfromthe
logasinputidentifytheoutliersubgraphswithinthegivengraph.Theseapproachesconsiderundirected
graphswheretheorderdependencybetweentheelementsisirrelevant.Whilethisfilteringmechanism
mayworkwithprocesseventlogs,theremovalofinfrequentbehaviorwouldagainbetoocoarsegrained.

TheexecutionofbusinessprocessessupportedbyITsystemsisgenerallyrecordedinmostsystem
orapplicationlogs.Theselogscanthenbeconvertedintoeventlogsforprocessmininganalysis.The
eventlogsserveasthestartingpointforprocessmining.Aneventlogisamultisetoftraces.Each
tracedescribesthelifecycleofaparticularcase(i.e.,aprocessinstance)intermsoftheactivities
executed.Eachtracecapturesthefootprintofaprocessinstanceinthelogintheformofasequence
ofevents.Eacheventrecordstheexecutionofaspecificprocesstaskwithinatrace.Someprocess
miningtechniquesassumethatalogiscompleteandfreefromnoiseandmayproduceunsoundmodels
ifthisisnotthecase.However,real-lifelogdatawillcontainacertainamountofnoise.

To detect the processes within massive amounts of real-life log data, several noise-tolerant
discoveryalgorithmshavebeenproposed.Theinductivemineralgorithmisbasedonadivide-and-
conquerapproachthatalwaysresultsinsoundprocessmodels(Buijsetal.,2012).Thisalgorithm,
usingthedirectlyfollowsdependency,generatesthedirectlyfollowsgraph.Thefuzzymineralgorithm
(Confortietal.,2017),anotherdiscoveryalgorithm,appliesnoisefilteringposterioridirectlyonthe
discoveredmodel.Thisalgorithmisbasedontheconceptsofcorrelationandsignificanceandproduces
afuzzynetwhereeachnodeandedgeareassociatedwithacorrelationandsignificancevalue.

Themainpurposeofthefilteristoidentifythelikelihoodoftheoccurrenceofanactivitybased
onitssurroundingbehaviorbecausetheprocessiscomposedofasequenceofactivities,e.g.,how
likelyitisthatactivityafollowsasequenceofactivities.Thecriterionfortheeventfiltercanbe
basedontheexpectationofactivityoccurrences,givenasequenceofactivities.

3. FILTERING wITH THE EXPECTATIoN

3.1. Basic Notation and Definitions

Definition 1 (Event log, event and trace):L E O� � �, ,I .Let bethesetofevents,andI be
afinitesetoftasks.Thereisasubjectivefunctionlinking toI . → I .Here,O E E� � .is
astricttotalorderingovertheevents.A(nonempty)sequenceofevents, e∈ isatrace,τ .
Thus,aneventlog,, isamultisetoftraces.

Thebusinessprocesscanbeviewedasadirectedconnectedgraph,andtheeventsintheprocess
graphhaveatransitiveclosure,soweusethereachabilitymatrixtoshowthetransitiveclosureofa
processgraph.Thecriterion for the infrequentbehaviordetectedcanbebasedon theminimum
expectedforevents, dminEU :

EU n pi j
j

k

i i j�
�

���
1

*  (1)

p
e e
ei j

i j
� �

�
 (2)
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d e e EU i n j nEU i j i ji j�
� � � � � � � � �� ��, , ,| � 1 1  (3)

where ni  is thenumberofevents i  ina trace,whichcanbe found in the reachabilitymatrix,

e ei j→ isthenumberofedgesfromevent i toevent j . e isthetotalnumberofedgesinthe
traceandζ isthethresholdoftheexpectationvalue.

Theinterquartilerangeisoftenusedtofindtheoutliersindata,soweusetheinterquartileto
obtaintheζ .First,wecalculatethelowerquartile(Q1 ),secondquartile(Q2 ),andupperquartile
(Q3 ).Currently,wedonotuseauniformmethodtoobtainthequartile,hereQ n

1
1 1 0 25� � �� �* . ,

Q n
2
1 1 0 5� � �� �* . ,Q n

3
1 1 0 75� � �� �* . .Theinterquartilerange IQR � �Q Q

3 1
,andthe

outliersherearedefinedastheobservationsthatfallbelowtheIQR.

Definition 2 (Infrequent events): The set of the infrequent events,   is defined as

 � � �� ��
e dj EUi j
| min .Here, ej  is an event thathas anonzerominimumpossibilityof

linkingfromevent ei toevent ej in dEUi j→
.

Definition 3 (Essential events):Givenlogdata .theeventsthatmustbepreservedduringdata
filtering(i.e.,deletingtheinfrequenteventsfromthetrace)arecalledtheessentialevents.

The events that occurred are shown in Table 1. The corresponding trace graphs and their
synthesizedtracegraphsareshowninFigures1and2,respectively.

Whentheinfrequentarcsandcorrespondingeventsareremoved,thefrequenciesoftheother
arcsarechanged,whichaffectsthearcfrequencydistributioncurve.Toaddressthisproblem,we
proposereiteratingthelogfilteringprocessseveraltimes,usingthefilteredlogastheinput,until
nomoreeventsareremoved.Duringthefilteringprocess,wemustretaintheconnectivityofthe

Table 1. Event log data

Trace1 <A,B,B,C,D,E>

Trace2 <A,B,C,D,C,E>

Trace3 <A,B,B,B,C,E>

Trace4 <A,B,C,E>

Figure 1. Log trace graph of the event data
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process.Certaineventsshouldbekeptevenatlowfrequencies.Wecancalculatetheexpectationof
everyeventaccordingtoDefinition1:

EU(A)= �0 4
4

22
0 0 0

16

22
+ × + + + = 

EU(B)= �0 3
3

22
4
4

22
0 0

25

22
+ × + × + + = 

EU(C)= �0 0 0 2
2

22
3
3

22

13

22
+ + + × + × = 

EU(D)= �0 0 1
1

22
0 1

1

22

2

22
+ + × + + × = 

EU(E)= �0 0 0 0 0 0+ + + + = 

Q n
1
1 1 0 25 1 4 0 25 2= + −( ) = + =* *. . 

Q n
3
1 1 0 75 1 4 0 75 4= + −( ) = + =* *. . 

IQR = − = − =Q Q
3 1

4 2 2 

Sortedfromsmallesttolargest,theorderofexpectationis 2
22

13

22

16

22

25

22
� � � .Therefore,thesecond

datapointis 2
22

.Wewillfiltereventswithanexpectationlessthanorequalto 2
22

,unlesstheevent

isanessentialevent.EventEistheendevent,soitmustbekept.TheexpectationofeventDis 2
22

,

andthenonzerovalueindicatesthattheedgefromtheeventtoDtoeventCcouldprobablybefiltered;
eventCisnotanessentialevent,soitwillbedeletedfromthetrace.

InFigure1, thesuperscriptofaneventdenotes theeventfrequency,and thenumberon the
directedlineisthefrequencyoftwolinkedevents.Whenthefrequencyisjustone,wedonotmark
it.Utilizingtheprocessminingalgorithms,wecanobtaintheprocessesfromtheeventdata.The
reachabilitymatrixshowstherelationshipbetweenevents,wherethematrixrowistheouterlink
ofthecorrespondingevent,thematrixcolumnistheinnerlinkofthecorrespondingevent,andthe
diagonalistheself-loopofthecorrespondingevent.Wecanobtainthenumberoftimestheevents
haveoccurredbyaddingthenumbersinthematrixrowandthenumbersinthematrixcolumn.We
caneasilyobtaintheeventrelationshipsindifferenttracesfromFigure3andthesumofmatricesin
Figure3.Figure4isthematrixofthesynthesizedtracegraphsinFigure1.

Figure 2. Synthesized trace of the event data



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 2 • April-June 2020

6

3.2. Infrequent Events Detected by the Minimum Exception

Whend
EU

isbelowthethresholdvalue,accordingtoFormula(2),itisverypossibletodetectan
infrequentevent,e

i
.However,inspecialcases,suchasstartandendevents,theyareessentialevents

thatmustremainregardlessofthethresholdvalueforthesekindsofevents.
Consider ing the example in Figure 3 and using a threshold value of  0.3,

Min EU EU EU
D j D C D E→ → →( ) = { } = <, . .0 22 0 3 ,meaningthattheexpectationfromeventDto

theothereventsisbelowthethresholdand ˆ , = { }e e
C E

.However,Eisanessentialevent,andit
mustremain.ThelinkbetweenDandCcanbedeleted,andthematrixischanged,asshowninFigure
6,andFigure2changestoFigure7.Thenewtrace2inthelogwaschanged,asshowninTable2.

Figure 3. Matrix of the event data

Figure 4. Matrix of the events in Figure 2
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Figure 5. Change of the trace 2 matrix

Figure 6. Matrix of the events after filtering

Figure 7. Synthesized trace after filtering

Table 2. Filtered event log

Trace1 <A,B,B,C,D,E>

Trace2 <A, B, C, D, E>

Trace3 <A,B,B,B,C,E>

Trace4 <A,B,C,E>



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 2 • April-June 2020

8

Theprocessgraphmustbeasimplyconnectedgraph,soremovingalinkbetweeneventscan
causeanunconnectedgraph,whichmustbeavoided.Therefore,theeventsinalinkarealsoknown
asessentialevents.

3.3. ILP Formulation of the Process
Thelogfiltercanberegardedashavinganintegerlinearprogramming(ILP)formatbecausethereare
onlytwotypesoftasksinthelogs:kept(1)ordeleted(0).ThisfitstheclassicalILPproblemformulation
ofwhetheraselectionismadeornot.Thus,wecanuseanILPapproachtoeffectivelyjudgewhichpath
isaminimumprocessinthelogdata.WeintroducethefollowingdefinitionsbeforetheILPformulation:

• Foreventsiandj,thereexistsi j, ,�� �0 1 inthesimplyconnectedprocessgraph.When
a subpath exists between events i and j, the result of the ILP problem is i j, =1 ,
otherwise,i j, = 0 ;

• Forevent i∈ , thereexists s �� �0 1,  in thesimplyconnectedprocessgraph.Whena
subpathexistsbetweenthestarteventandeventi,theresultoftheILPproblemiss =1 ,
otherwise,s = 0 ;

• Forevent i∈ , thereexists e �� �0 1,  in thesimplyconnectedprocessgraph.Whena
subpathexistsbetweeneventiandtheendevent,theresultoftheILPproblemise =1 ,
otherwise,e = 0 ;

• Forevents i j, �� ,thereexistss i j, ,� � �� �0 1 inthesimplyconnectedprocessgraph.When
thereareexitsub-pathsfromthestarteventthrougheventiandeventj,theresultoftheILP
problemiss i j,� � �1,otherwise,s i j,� � � 0 ;

• Forevent i j, ∈ ,thereexistse i j, ,� � �� �0 1 inthesimplyconnectedprocessgraph.When
thereareexitsub-pathsthrougheventiandeventjthatreachtheendevent,theresultoftheILP
problemise i j,� � �1,otherwise,e i j,� � � 0 .

TheILPproblemaimsatminimizingthenumberofpathsbetweentheevents:

min

i

N

j

N

i je e
� �
��� �
1 1

, 

wheretherearepathsbetweenevent e and ei j  .
Infrequentprocesses,thefrequenteventsshouldsatisfythefollowingconstraints:

• Forrandomeventsiandj,iftheyareconnected:

C
i j,
= 1  (4)

• Everyeventiisreachablefromthestartevents:

C
s i,
= 1  (5)
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• Everyeventiisreachabletotheendevents:

C
i e,
= 1  (6)

• Everystarteventisreachabletotheendevents:

C
s e,
= 1  (7)

• Foreacheventpath,ifeventsiandjareconnected,eventiisreachablefromthestartevents:


s i j s i i j

C C
, , ,( ) = ⇔ + =1 2� (8)

• Theconstraintsoftheaboveformulascanbewrittenasequivalentinequalities,shownasfollows:

C C
s i i j s i j, , ,
+ − ⋅ ≥( )2 0  (9)

C C
s i i j s i j, , ,
+ − ⋅ ≤( )2 1  (10)

• Foreacheventpath,ifeventiandeventjareconnected,eventiisreachablefromthestartevent:


e i j i e i j

C C
, , ,( ) = ⋅ + =1 2� (11)

• Theconstraintsoftheaboveformulascanbewrittenasequivalentinequalities,shownasfollows:

C C
i e i j e i j, , ,
+ − ⋅ ≥( )2 0  (12)

C C
i e i j e i j, , ,
+ − ⋅ ≤( )2 1  (13)

Asweknow,anyeventimustinvolveatleastonepath,whichisfromthestarteventviaitothe
endevent.

Theconstraintscanbewrittenasequivalentinequalitiesasfollows:

i j

n

i j
C

,
,

=
∑ ≥
1

1 if i = j,indicatesaself-loop

i j

n

i j s i
C N C

,
, ,

=
∑ − ⋅ ≥
1

1  (14)

i j

n

i j i e
C M C

,
, ,

=
∑ − ⋅ ≥
1

1  (15)
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whereNisthenumberofpathsfromthestarteventtoeventi,andMisthenumberofpathsfrom
eventitotheendevent.

Thereisatleastonepathfromthestarteventsthougheventiandeventjintheprocess.Atthe
sametime,thereisatleastonepathfromeventsiandjtotheendeventsintheprocess.

TheinfrequenteventfilteringmethodspresentedabovearedescribedinpseudocodeinAlgorithm1.

4. EXPERIMENTS AND EVALUATIoN

Inthissection,wepresenttheresultsoftheexperimentstoassesstheadvantageofoureventfiltering
method.ThedesignoftheexperimentisillustratedinFigure8.

Algorithm 1. Infrequent event detection

Input:Eventlog

1 OriginaltraceΓ =AutoFindProcess( )

2 RelationAbilityMatrixRAM( µ)⇐ ComputeRA �� �

3 SortedExpectationSE( e ei j, )⇐ ComputeExpectation(RAM)

4 FilteringThreshold� � InterquartileRange(SE)

5 InfrequentEventIFE( ej )⇐ SE( e ei j, )� �

6 Aligned( ′ )⇐DeleteInfrequentEvent( ej , )

7 '' ⇐ ILP( ′ )

8 Originaltrace � �� AutoFindProcess('' )

Figure 8. Framework for the experiments
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Inprocessmining,twoqualitymeasuresaredefinedformeasuringthebehavioralqualityof
theprocessmodels:therecallandprecisionmetrics(Buijsetal.,2012).Therecallmetriccomputes
howmuchbehaviorintheeventlogisalsodescribedbytheprocessmodel.Ontheotherhand,the
precisionmetricmeasurestheamountofbehaviordescribedbythemodelthatisalsopresentinthe
eventlog.Theprecisionandrecallmetricscountereachother,sothatincreasingoneofthemreduces
theother.Ametricthatcombinesprecisionandrecallistheharmonicmeanofprecisionandrecall,
whichisthetraditionalF-measureorbalancedF-score:

F-score=
+

2*
*precision recall

precision recall
 (16)

4.1. Experimental Design and Datasets
Fortheexperiments,weusethreereal-lifelogsfromdifferentdomainsandofdifferentsizes,and
wedonothaveinsightsintothetypesofinfrequentbehavior.Weusedtheselogstoevaluatethe
generalizabilityoftheresultsobtainedwiththefirsttwoexperiments.Thethreelogsarepublicly
available:thehospitallog,sepsiscasesandhospitalbilling1.

Thefirstdatasetisareal-lifelogofaDutchacademichospital,andthislogcontains1143traces
and150291events.

Thesepsiscasesevent logcontainseventsof sepsiscases fromahospital.Theeventswere
recordedbytheERPsystemofthehospital.Moreover,39dataattributesarerecordedcontaining
1050tracesand15214events.

ThehospitalbillingeventlogwasobtainedfromthefinancialmodulesoftheERPsystemofa
regionalhospital.Theeventlogprovidedbythehospitalcontainseventsthatarerelatedtothebilling
ofmedicalservices.Thislogcontains100000tracesand451359events.

Confortietal.emphasizedthatwhenanalyzingeventswithfiltermeasures,weneedtoensure
thatthehighestlevelofinfrequentbehaviorisbelow40%(Confortietal.,2017).Ifthelevelsof
infrequentbehaviorareabove40%,thereisacontradictionsincethereshouldbealowproportion
ofinfrequentbehavior.

4.2. Results
Twoof themethodsdealwith theremovalof infrequentbehavior: filtering the logusingsimple
heuristics(SLF)andfilteringthelogusingaprefix-closedlanguage(PCL).SLFremovesthetraces
thatdonotstartorendwithaspecificeventandeventsthatrefertoaspecificprocesstask,based
on their frequency.PCL removesevents from traces toobtaina log that canbeexpressedviaa
prefix-closedlanguage.WecomparedourtechniquewiththeSLFandthePCLtechniquesusingthe
abovereal-lifedata.Table3showsthechangeinthetracesandeventsafterusingSLF,PCLandour
techniquetofilterthem.

Fromtheaspectofthetraceandeventcompression,ourtechniquecanmatchtheSLFforthe
hospitalbillingandsepsiscaselogs.ThePCLhasamuchhighercompressionthantheothermethods
forthehospitalandsepsiscaselogs;however, theexcessivecompressionratiomightmissmany
essentialevents,andtheeventcompressionratioevenreached92.8%forthehospitallog,whichis
muchhigherthantheupperlimitof40%(Confortietal.,2017).

Figures9 to11 show the comparison results of the fitness, precision, andF-score,which
wereobtainedusingthethreereal-lifelogswhenapplyingthethreeprocessminingtechniques
(heuristicsminer, inductiveminer and fuzzyminer).Weused thedefaultparameters for these
processminingmethods.

InFigures9,10and11,weusedthefilteredlogandoriginallogtotestourtechnique.InFigure
9,theprecisionisimproved,despiteareductioninrecall.Therefore,theF-scoreimprovedforthe
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Table 3. Traces and events after filtering

Original SLF PCL OURS

Hospital Billing

Traces 100000 83950 83109 83942

Events 451359 351296 354812 351184

Hospital

40 1143 772 189 793

Events 150291 99781 10680 10327

Sepsis Cases

Traces 1050 829 276 796

Events 15214 10090 2212 9748

Figure 9. Real-life log comparison of the heuristics miner algorithm

Figure 10. Real-life log comparison of the inductive miner algorithm
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hospitalbillinglogandhospital log,buttherewasaslightdecreaseintheF-scoreforthesepsis
log.InFigures10and11,theF-scoresareimprovedinallthreelogs.Theseexperimentsindicate
thattheproposedfilteringtechniqueisbeneficialtoprocessdiscoveryalgorithmstoobtainhigher
F-scorevalues.

5. CoNCLUSIoN

Inthispaper,wepresentedatechniquetodetectandremoveinfrequentbehaviorfromreal-life
processexecutionlogs.Thecoreideaistousetheexpectationoftheeventlabelsasaproxyfor
infrequentbehavior.

We demonstrated the effectiveness and efficiency of our method using real-life logs and
mainstreamprocessdiscoveryalgorithms.Theresultsindicatethattheproposedapproachisableto
helptheprocessdiscoveryalgorithmsdiscoverthemodels.Furthermore,theseexperimentsshow
thatourfilteringmethodoutperformstherelatedstate-of-the-artprocessminingfilteringtechniques.

Inthefuture,weplantoemploylargerdatasetstoverifytheeffectivenessofourmethodand
considerformalmethodstovalidateourlogfilteringtechnique.

Figure 11. Real-life log comparison of the fuzzy miner algorithm
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