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ABSTRACT

ThetreatmentoflargedataisdifficultanditlookslikethearrivaloftheframeworkMapReduce
isasolutionofthisproblem.Thisframeworkcanbeusedtoanalyzeandprocessvastamountsof
data.Thishappensbydistributingthecomputationalworkacrossaclusterofvirtualserversrunning
inacloudoralargesetofmachines.Processminingprovidesanimportantbridgebetweendata
miningandbusinessprocessanalysis. Its techniquesallowforextracting informationfromevent
logs.Generally,therearetwostepsinprocessmining,correlationdefinitionordiscoveryandthe
inferenceorcomposition.Firstofall,theirworkminessmallpatternsfromlogtraces.Thosepatterns
aretherepresentationofthetracesexecutionfromalogfileofabusinessprocess.Inthisstep,the
authorsuseexistingtechniques.Thepatternsarerepresentedbyfinitestateautomatonortheirregular
expression;andthefinalmodelisthecombinationofonlytwotypesofdifferentpatternswhomare
representedbytheregularexpressions(ab)*and(ab*c)*.Second,theycomputethesepatternsin
parallel,andthencombinethosesmallpatternsusingtheHadoopframework.Theyhavetwosteps;
thefirstistheMapStepthroughwhichtheyminepatternsfromexecutiontraces,andthesecondone
isthecombinationofthesesmallpatternsasareducestep.Theresultsshowthattheirapproachis
scalable,generalandprecise.ItminimizestheexecutiontimebytheuseoftheHadoopframework.
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1. INTRoDUCTIoN

Manytechniqueshavebeenproposedthatminesuchpatternsfromexecutiontraces.However,the
mostexistingtechniquesmineonlysimplepatterns,orasinglecomplexpatternthatisrestrictedto
aparticularsetofmanuallyselectedevents.

Recentworkhasrecognizedthatpatternscanbespecifiedasregularlanguages(Ammons,Bodík,
&Larus,2002).Thisallowsthecompactrepresentationofpatternsasregularexpressionsorfinite
stateautomata,anditallowsthecharacterizationofthepatternminingasalanguagelearningproblem.

Currentapproachesarefundamentallysimilar;eachtakesasinputastaticprogramoradynamic
traces or profile and produces one or more compact regular languages that specify the pattern
representationortheworkflow.However,theindividualsolutionsdifferinkeyways.

Inthispaper,wepresentanewgeneralapproachtopatternsminingthataddressesseveralofthe
limitationsofcurrenttechniques.Ourinsightistwofold.First,werecognizethatinstancesofsmaller
patternswhichcanbecomposedinparallelintolargerpatterns.Second,wealsoobservethatthe
compositionofsmallpatterncanbeinparallel.

ThisarticlepublishedasanOpenAccessArticledistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://cre-
ativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorofthe
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Then,weleveragethisinsighttodivideourworkintotwoparts;Thefirstone,weuseatechnique
onhowwecanminetwotypesofsmallpatternsandwecomposethembyusingstandardalgorithms
forfinitestateautomatonmanipulation,andsomespecialrulesusedbyM.GabelandZ.Su(2008),
Theminingisalsoperformedbysymbolicminingalgorithm(Gabel&Su,2008;Zhang,Zhu,Chen,
&Yang,2015).

Forthesecondone,weusetheframeworkMapReduceinminingandcomposingmicro-patterns.
Thosepatternshavebeenshownasregularexpressionsortheirfinitestateautomatons.Inthispart
weminesmallpatternsusingthesamesymbolicminingalgorithmbutinparallelasMapstep,and
wecomputethissmallpatternintoalargerpatterninparallelasareducestep.

Ourworkisanameliorationtotheexistingtechniquesinminingpatternsandparalleldistributed
process.

Ourapproachhasbeenimplementedinthejavaprogramminglanguagewithtwologfilesof
twoapplicationsnamely;SKYPEandVIBER.Thesizeofthefirstlogfileis10GB,andthesecond
is18GB,whicharegeneratedbylogfilegenerator.

Wehavetestedourapproachinthreeclustersinacloud,thefirstregroupsfivemachines,the
secondregroupstenmachines,andthethirdregroups20machines.Thetracesinourapplications
arethecall,theanswer,andthemessages,etc.

2. ReLATeD woRK

Manytechniquesaresuggestedinthedomainofprocessmining;wequote:
M.Gabeletal.(2008)presentanewgeneraltechniqueforminingtemporalspecification,they

realizedtheirworkintwosteps,firstlytheydiscoveredthesimplepatternsusingexistingtechniques,
thencombinethesepatternsusingthecompositionandsomeruleslikeBranchingandSequencing
rules.

Temporalspecificationexpressesformalcorrectnessrequirementofanapplication’sordering
ofspecificactionsandeventsduringexecution,theydiscoveredpatternsfromtracesofexecutionor
programsourcecode;Thesimplespatternsarerepresentedusingregularexpression(ab)*or(ab*c)*
andtheirrepresentationusingfinitestateautomaton,aftertheycombinesimplepatternstoconstruct
atemporalspecificationusingafinitestateautomaton.

G.Grecoetal.(2006)discoveredseveralclustersbyusingaclusteringtechnique,andthenthey
calculatethepatternfromeachcluster,theycombinethesepatternstoconstructafinalmodel,they
discoveredaworkflowschemefrom,andthentheymineaworkflowusingamineworkflowalgorithm,
aftertheydefinemanyclustersfromalogtracesbyusingclusteringtechniqueandprocessdiscover
algorithmandsomerulescluster.

Thentheyuseafindfeaturesalgorithmtofindpatternsofeachcluster,finallytheycombine
thesepatternstoconstructacompletelyhierarchicalworkflowmodel.

Intheirclusteringalgorithm,clustersreflectonlystructuralsimilaritiesamongtraces;theysaythat
infutureworksextendingtheirtechniquestotakecareoftheenvironmentsothatclustersmayreflect
notonlystructuralsimilaritiesamongtraces,butalsoinformationabout,e.g.,usersanddatavalues.

H.R.Motahari-Nezhedetal.(2008)useaserviceconversationlog;firsttheysplitaloginto
severalpartitions,secondtheydiscoveredamodelfromeachpartition,andthird,theyannotatethe
discoverprotocolmodelwithvariousmetadatatoconstructaprotocolmodelfromreal-wordservice
conversationlogs.

Theprotocolisthespecificationofallpossibleconversationsthataservicecanhavewithits
partnersandtheconversationconsistsofasequenceofmessagesexchangedbetweentwoormore
services.

During the split they discovered a simple precise protocol models by analyzing messages
sequencesinthelog,theyeliminateconversationsconsiderednoisyornotpresentedinthelog;they
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discoveredaprotocolwithvariousmetadataincludingstateandtransitionsupportstogetafinal
protocolmodelofthelogamostgeneralizedmodelbasedsplitting.

LiLi,XiangfengLuo,andHaiyanChen(2015)Proposedtwoclustering-basedstudentgrouping
methodswhichautomaticallygroupstudentsforallkindsoforganizationallearning,theysaythat
theyareflexible,comprehensive,andtimelycomparedwithmanualgroupmethods;

Theirgeneralgroupingmethodconsisttodividestudentsintogroupsbytheirteachermanually,
whichisnottimelyoraccurate.Theysaythatovercometheshortcomingsofmanualmethods,their
paperproposesanautomaticgroupingmethodbasedonclusteringtechnologies.Infirsttime,“the
studentprofileisbuilttomodelthestudent’sknowledgelevel,whichcanbeupdatedbasedonthe
resultsofexaminationsautomatically.Then,tomeetthedifferentteachinggoals,twostudentclustering
methodsareproposed:similaritystudentclusteringandcomplementationstudentclustering”(Li,Luo,
&Chen,2015).Last,theirproposedmethodsareevaluatedbycomparingthestudentsofclustered
groupswiththoseofthemanualgroupsinthelearningeffectiveness.Theirresultsshowthattheir
methodsareflexible,comprehensive,andtimelycomparedwithmanualgroupmethods.Knowledge
level,whichcanbeupdatedbasedontheresultsofexaminationsautomatically.Then,tomeetthe
differentteachinggoals,twostudentclusteringmethodsareproposed:similaritystudentclustering
andcomplementationstudentclustering.Atlasttheproposedmethodsareevaluatedbycomparing
studentsofclusteredgroupswiththoseofthemanualgroupsinthelearningeffectiveness(Meddah
&Belkadi,2018)

“Mining frequent patterns and finding associations among them require handling large and
distributeddatabases.AsFP-treeconsideredbeingthebestcompactdatastructuretoholdthedata
patternsinmemorytherehasbeeneffortstomakeitparallelanddistributedtohandlelargedatabases”
(Itkar&Kulkarni,2013).However, it incurslotofcommunicationoverheadduringthemining.
ParallelanddistributedfrequentpatternminingalgorithmusingHadoopMapReduceframeworkis
proposed,whichshowsbestperformanceresultsforlargedatabases.Proposedalgorithmpartitions
thedatabaseinsuchawaythat,itworksindependentlyateachlocalnodeandlocallygeneratesthe
frequentpatternsbysharingtheglobalfrequentpatternheadertable.Theselocalfrequentpatterns
aremergedatfinalstage(Itkar&Kulkarni,2013).

Thisreduces thecompletecommunicationoverheadduringstructureconstructionaswellas
duringpatternmining.Theitemsetcountisalsotakenintoconsiderationreducingprocessoridle
time.HadoopMapReduceframeworkisusedeffectively inall thestepsof thealgorithm.Their
experimentsarecarriedoutonaPCclusterwith5computingnodeswhichshowsexecutiontime
efficiencyascomparedtootheralgorithms.Theirexperimentalresultshowsthatproposedalgorithm
efficientlyhandlesthescalabilityforverylargedatabases(Itkar&Kulkarni,2013;Deng&Lv,2015;
Meddah&Belkadi,2018).

RanjanandBhatnagar(2010)presenttheadvantagesoftheapplicationofdataminingtechniques
inthemanagementofclientrelationshipinthefinancialsectorslikebanking,forecastingstockmarket,
currencyexchangerateandbankbankruptcies,saythey;thereareabigconcurrenceinthesociety
financialsectors,andtheyfindadifficulttosustaintheever-changingbehaviorofthecustomer.

“DataminingtechniquesishelpingthefirmstoachieveprofitableandefficientCRMbyproviding
themwithadvancetechniquestoanalyzethealreadyexistingdatainthedatabasesofthefirmsusing
thecomplexmodelingalgorithms”(Ranjan&Bhatnagar,2010);theirworkdemonstratedthatdata
miningisabletoautomatetheprocessofsearchingtomountainofcustomer’srelateddatatofind
patternsthataregoodpredictorsofthebehaviorsoftheclients.

Authorsproposean ideaofhowdataminingprovide the increasedcustomer,andminimize
theriskinvolvedinthefinancialsectors toobtaintheadvantagesandconcludebyprovidingthe
limitationsofopportunitiesinthefield.

Processingandanalysisofbigdatacanbeproblematic,itreferstodataissolargethatitexceeds
theprocessingcapabilitiesof traditional systems, itcanbeawkwardworkand thestorage (Hsu,
Slagter,&Chung,2015).
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MapReduce is a recent programming model that can handle big data. MapReduce achieves this by 
distributing the storage and processing of data amongst a large number of computers (nodes). However, 
this means the time required to process a MapReduce job is dependent on whichever node is last to 
complete a task. Heterogeneous environments exacerbate this problem (Hsu, Slagter, & Chung, 2015).

Ching-HsienHsuetal.proposeamethodtoimproveMapReduceexecutioninheterogeneous
environments.

TheirworkisdonebydynamicallypartitioningdatabeforetheMapphaseandbyusingvirtual
machinemappingintheReducephaseinordertomaximizeresourceutilization.TheirSimulation
andexperimentalresultsshowanimprovementinMapReduceperformance,includingdatalocality
andtotalcompletiontimewithdifferentoptimizationapproaches.

“BigDatareferstothemassiveamountsofstructuredandunstructureddatabeingproduced
everydayfromawiderangeofsources.BigDataisdifficulttoworkwithandneedsalargenumber
of machines to process it, as well as software capable of running in a distributed environment”
(Slagter,Hsu,&Chung,2015).“MapReduceisarecentprogrammingmodelthatsimplifieswriting
distributedprogramsondistributedsystems.ForMapReducetoworkitneedstodivideworkamongst
computersinanetwork.Consequently,theperformanceofMapReduceisdependentonhowevenly
itdistributestheworkload”(Hsu,Slagter,&Chung,2015;Slagter,Hsu,&Chung,2015).Authors
(Slagter,Hsu,&Chung,2015)proposeanadaptivesamplingmechanismfortotalorderpartitioning
that can reducememoryconsumptionwhilstpartitioningwitha trie-based samplingmechanism
(ATrie).Theperformanceoftheproposedalgorithm(Slagter,Hsu,&Chung,2015)iscompared
toastate-of-the-art trie-basedpartitioningsystem(ETrie).Theirexperimentsshowtheproposed
mechanism is more adaptive and more memory efficient than previous implementations. Since
ATrieisadaptive,itsperformancedependedonthetypeofdataused.Aperformanceevaluationof
a2-levelATrieshowsituses2.43timeslessmemoryforcaseinsensitiveemailaddresses,anduses
1,024timeslessmemoryforbirthdatescomparedtothatofa2-levelETrie.Theirresultsshowthe
potentialoftheproposedmethod.

MapReduce is an effective tool for processing large amounts of data in parallel using a cluster of 
processors or computers. One common data processing task is the join operation, which combines 
two or more datasets based on values common to each (Slagter, Hsu, Chung, & Yi, 2014).

KennSlagteretal.presentanetworkawaremulti-wayjoinforMapReduce(SmartJoin) that
improveperformanceandconsidersnetworktrafficwhenredistributingworkloadamongstreducers.
SmartJoin achieves this by dynamically redistributing tuples directly between reducers with an
intelligent network aware algorithm. They show that their technique has significant potential to
minimize the timerequired to joinmultipledatasets.Theirevaluation, theyshowthatSmartJoin
hasupto39%improvementcomparedtothenon-redistributionmethod,a26.8%improvementover
randomredistributionand27.6%improvementoverworstjoinredistribution.

3. MAPReDUCe

Sinceitsintroductionjustafewyearsago,theMapReduceframework(Dean&Ghemawat,2008;
Itkar&Kulkarni,2013;Tsourakakis,2010)hasbecomeextremelypopularforanalyzinglargedatasets
inclusterenvironments.ThesuccessofMapReducestemsfromhidingthedetailsofparallelization,
faulttolerance,andloadbalancinginasimpleprogrammingframework.

TheMapReduceFrameworkisincreasinglybeingusedtoanalyzelargevolumeofdata.Having
severalsmallprocesses,meaningthesesmallprocessesorpatternscanbecomputedinparallel.
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TheMapReduceframeworkisimplementedintheCprogrammerlanguage,thereareanopen
sourcesimplementationcalledHadoop,itusesadistributedprocessingarchitectureinwhichatask
ismappedtoasetofserversinthenreduceddownasingleoutputset,onenode,designedasthe
masternode,controlsthedistributionoftasks.ThefollowingdiagramshowsaHadoopclusterwith
themasternodedirectingagroupofslavenodes,whichprocessthedata.

MapReduce(Dean&Ghemawat,2008;Itkar&Kulkarni,2013;Bhuiyan&AlHasan,2015;
Tsourakakis,2010;Lan,Wang,Fong,Liu,Wong,&Dey,2018)wasoriginallyproposedandused
byGoogleengineerstoprocessthelargeamountofdatatheymustanalyzeonadailybasis.

TheinputdataforMapReduceconsistsofalistofkey/valuepairs.Mappersaccepttheincoming
pairsandmapthemintointermediatekey/valuepairs.Eachgroupofintermediatedatawiththesame
keyisthenpassedtoaspecificsetofreducers,eachofwhichperformscomputationsonthedata

Figure 1. Principal of MapReduce (Dean & Ghemawat, 2008)

Figure 2. Master node directing a group of slave nodes (Shang, Jiang, Adams, & Hassan, 2009)
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andreduceittoonesinglekey/valuespair.Thesortedoutputofthereducersisthefinalresultofthe
MapReduceprocess.

To illustrate MapReduce, we consider an example MapReduce process, which counts the
frequencyofwordlengthsinabook.TheexampleprocessisshowninFigure3.Mappersaccept
everysinglewordfromthebookandmakekeysforthem.Becausewewanttocountthefrequency
ofallwordswithdifferentlength,atypicalapproachwouldbetousethelengthofthewordaskey.
So,fortheword“hello”,amapperwillgenerateakey/valuepairof”5/hello”.Afterwards,thekey/
valuepairswiththesamekeyaregroupedandsenttoreducers.Areducer,whichreceivesalistof
valueswiththesamekey,cansimplycountthesizeofthislist,andkeepthekeyinitsoutput.Ifa
reducerreceivesalistwithkey“5”,forexample,itwillcountthesizeofthelistofallthewordsthat
haveaslength“5”,ifthesizeis“n”,itoutputsanoutputpair“5/n”whichmeansthereare“n”words
withlength“5”inthebook.

ThepowerandchallengeoftheMapReduce(Shang,Jiang,Adams,&Hassan,2009;Tsourakakis,
2010; White, Yeh, Lin & Davis, 2010; Chaki, Dey, Shi, & Sherratt, 2019) model reside in its
ability tosupportdifferentmappingandreducingstrategies.Forexample,analternativemapper
implementationcouldmapeachinputvalue(i.e,word)basedonitsfirstletteranditslength.Then
thereducerswouldprocessthosewordsstartingwithoneorasmallnumberofdifferentletters(keys)
andperformthecounting.ThisMapReducestrategypermitsanincreasingnumberofreducersthat
canworkinparallelontheproblem.However;thefinaloutputneedsadditionalpost-processingin
thecomparisontothefirststrategy.Inshort,bothstrategiescansolvetheproblem,buteachstrategy
hasdifferentperformanceandimplementationbenefitsandchallenges.

TheopensourceimplementationofMapReduce”Hadoop”(Stewart,Trinder,&Loidl,2011;
Itkar&Kulkarni,2013;Bhuiyan&AlHasan,2015)issupportedbyyahooandusedbyAmazon,
AOL,Baiduandanumberofothercompaniesfortheirdistributedsolutions.Hadoopcanrunon
variousoperatingsystemssuchasLinux,Windows,FreeBSD,MacOSXandOpenSolaris.Itdoesn’t
onlyimplementtheMapReducemodel,butalsoprovidesadistributedfilesystem,calledtheHadoop

Figure 3. Example MapReduce process for counting the frequency of word lengths in a book (Shang, Jiang, Adams, & Hassan, 2009)



International Journal of Rough Sets and Data Analysis
Volume 6 • Issue 3 • July-September 2019

7

DistributedFileSystem(HDFS).HadoopsuppliesjavainterfacestosimplifytheMapReducemodel
andtocontroltheHDFprogrammatically.AnotheradvantageforusersisthatHadoopbydefault
comeswithsomebasicandwidelyusedmappingandreducingmethods,forexampletosplitfiles
intolines,ortosplitadirectoryintofiles.Withthesemethods,usersoccasionallydonothaveto
writenewcode touseMapReduce.WeusedHadoopasourMapReduce implementationfor the
followingfourreasons:

3.1. Hadoop is easy to Use
Researchersdonotwanttospendconsiderabletimeonmodifyingtheirminingprogramtomakeit
distributed.ThesimpleMapReducejavainterfacesimplifiestheprocessofimplementingthemappers
andreducers(Tsourakakis,2010;Koundinya,Sharma,Kumar,&Shanbag,2012).

3.2. Hadoop Runs on Different operating Systems
Academicresearchlabstendtohaveaheterogeneousnetworkofmachineswithdifferenthardware
configurationsandvaryingoperatingsystems.Hadoopcanrunonmostcurrentoperatingsystems
andhencetoexploitasmuchoftheavailablecomputingpoweraspossible(Koundinya,Sharma,
Kumar,&Shanbag,2012;Meddah&Khaled,2016).

3.3. Hadoop Runs on Commodity Machines
Thelargestcomputationresourcesinresearchlabsandsoftwaredevelopmentcompaniesaredesktop
computersandlaptops.ThischaracteristicofHadooppermitsthesecomputerstojoinandleavethe
computingcluster inadynamicand transparent fashionwithoutuser intervention(Shang,Jiang,
Adams,&Hassan,2009;Seki,K.,Jinno&Uehara,2013;Koundinya,Sharma,Kumar,&Shanbag,
2012)

3.4. Hadoop is Mature and an open Source Systems
Hadoop has been successfully used in many commercial projects. It is actively developed with
newfeaturesandenhancementscontinuouslybeingadded.SinceHadoopisfreetodownloadand
redistribute, it canbe installedonmultiplemachineswithoutworryingabout costs andper seat
licensing.

Basedonthesepoints,weconsiderHadoopasthemostsuitableMapReduceimplementation
forourresearch.

4. PRoCeSS MINING

Recently,processmininghasbecomeavividresearcharea(VanderAalst&Weijters,2004;Van
derAalst,Weijters,&Maruster,2004).Thebasicideaofprocessminingistodiagnosebusiness
processesbyminingeventlogsforknowledge.Processminingtechniquesandtoolsprovidethemeans
fordiscoveringprocess,control,data,organizational,andsocialstructuresfromeventlogs(Vander
Aalst,2004;Meddah&Belkadi,2018).

Itprovidesanimportantbridgebetweendataminingandbusinessprocessanalysis(Weske,2012;
Gao,2013;DeWeerdt,Schupp,Vanderloock,&Baesens,2013;Karaa&Dey,2017),andevenallow
forextractinginformationfromeventlogs.

Theideaisthatprocessminingis:
Process Discovery: What processes are executed in our company, supported by enterprise

informationsystems(ERP,BPM,totalad-hoc,e-mail).
Conformance checking: Business processes are executed according to the rules defined, or

humanvariantsexist.
Performanceanalysis:Wherearethebottlenecks?
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Processprediction:Whenwilltheprocessend?
Processimprovement:Howtoredesignaprocess?
For example, the audit trails of a workflow management system or the transaction logs of

an enterprise resource planning system can be used to discover models describing processes,
organizations,andproducts.Moreover,itispossibletouseprocessminingtomonitordeviations(e.g.,
comparingtheobservedeventswithpredefinedmodelsorbusinessrulesinthecontextofSOX).”
(Versteeg&Bouwman,2006;Zhang,Zhu,Chen,&Yang,2015).

Inaddition,Processminingisinteresting(Versteeg&Bouwman,2006):
Inenterprisearchitecture,whenanalystsandpeoplewhoworkinyourcompanylosttimegoing

fishingforprocessesthatexist,inordertoestablishprocessandsystemarchitecture.ProcessMining
playsanindispensableroleinthediscoveryoftrueenterprisearchitecture.

ProcessConformity,howmanytimespeoplediscoveredthattheprocessesarenotperformed
accordingtotherules(ourhumannaturelovefindingnewwaystoexecute).Thisdoesnotmean
thattheprocessshouldbeexecutedaccordingtotherules,becausesometimestheruleswerenot
correctlysetup.

Processoptimization:Peoplethathastheexperiencetoperformprocessanalysisbylookingat
processflowsusuallyindicateeasilywherearethebottleneck,duplication,repetition,butnowadays
(!)intheworldofknowledgemanagementwhereflowsdonotdictatethemannerofexecutionis
necessarytositsidebysidewiththepeoplewhoperformworktounderstandwhataretheobstacles
(inalargecompanythisisadauntingtask).Butitisalsotruethatnormallyescapesanalysisteams
some of the problem sources, or because there are based opinions, or simply … bad reasoning
(Meddah,Belkadi,&Boudia,2016).

BusinessIntelligencehelpstounderstandhowwedothingsbutdoeshavepredictivecapabilities
neededtounderstandhowworkcouldbeperformed.

4.1 Business Process
Businessprocessisasetofactivitiesoccurringwithinacompanythatleadtoaspecificend.Most
often,itfocusesonmeetingtheneedsofthecustomeranddeliveringagoodorservicethatwillfulfill
thatneed.Thisprocessisactuallyoftenacollectionofinterrelatedprocessesthatfunctioninalogical
sequencetoachievetheultimategoal(Meddah&Belkadi,2018;DeWeerdt,Schupp,Vanderloock,
&Baesens,2013;Zhang,Zhu,Chen,&Yang,2015).

Thelogfilescorrespondtotheactionsortracesofthebusinessprocess.Thefollowingexample,
whichisverysimple,representsasequenceofcharacters:

1xCase1ABCDEG
1xCase2ACBDG
1xCase3AED
SimpleLogFile
A=Sende-mail,B=checkcredit,C=calculatecapacity,D=checksystem,E=accept,F=

reject,G=sende-mail.
Therearemanytechniquestodiscovermicropatternsfromeventlogorprocesstraces,thenext

sectiondescribeshowweminesmallpatternsfrombusinessprocess.

5. IMPLeMeNTATIoN AND ReSULTS

5.1 Implementation and experimental Setup
Weimplementedourapproachinthejavaprograminglanguage.Thefirstphase,whichconsistof
miningmicropatterns,isperformedbyanexistingsymbolicspecification-miningalgorithm(Gabel
&Su,2008;Itkar&Kulkarni,2013;Tsourakakis,2010;Meddah&Belkadi,2017;VanderAalst,
2015).ThisalgorithmleveragesBinaryDecisionDiagrams(Bryant,1986;Seki,Jinno,&Uehara,
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2013;Ranjan&Bhatnagar, 2010) tomaintain a compact state throughout its execution, despite
simultaneouslytrackinguptobillionsofpotentialmicropatterns.Thisalgorithmiscurrentlythe
mostscalablepattern-basedapproach,anditistheonlyalgorithmcapableofscalablyminingmicro
patternswithalphabetsofsizethree(Meddah&Belkadi,2018;Wang,2014;Wang,&Wiebe,2014).

OurHadoopinstallationisdividedintothreesteps;firstisdeployedonfivecomputersinalocal
network.ThefivecomputershaveanIntelCoreI53210M@2.5GHzCPUwith8GBRammemory.
Thesecondphaseisdeployedontencomputers.Thethirdstepisdeployedontwentycomputers.In
thesecondandthirdsteps,thecomputershavethesamecharacteristicsofthefivecomputers.

Oursmallpatternswererepresentedbyusingregularexpressionortheirfinitestateautomaton,
tocomposethesesmallpatterns,weusethestandardalgorithmforfinitestateautomaton,usingthe
followingrules:

Definition (Projection).Theprojectionπofastringsoveranalphabet∑,π∑(s),isdefinedas
swithalllettersnotin∑deleted.

TheprojectionofalanguageLover∑isdefinedasπ∑(L)={π∑(s)|sєL}.
Definition (Specification Pattern).AspecificationpatternisafinitestateautomatonA=(Q,∑,

δ,q0,F),whereQisafinitesetofstates,∑isasetofinputsymbols,δ:Qx∑→Qisthetransition
function,q0isthesinglestartingstate,andFisasetoffinalstates.Apatternissatisfiedoveratrace
Twithalphabet∑’⊇∑ifπ∑(T)єL(A).

Definition (Expansion)(GabelandSu,2008,§2.6).Assumearegularlanguagedefinedbyfinite
stateautomatonA=(Q,∑,δ,q0,F).Theexpansionof(L(A))overanarbitraryalphabet∑’,written
E∑’(L(A)),isthemaximallanguageover∑∪∑’whoseprojectionover∑isL(A).

AnautomatonacceptingE∑’(L(A))canbeconstructedbyfirstduplicatingAandthenadding
aloopingtransitionδ(q,a)=qtoeachstateqforeachlettera∈∑’\∑.

Expansion can be thought of maximal inverse of projection. For example, an expression
correspondingtoE{a,b,c}((ab)*)isc*(ac*bc*)*.

Note thatprojecting thisnewlanguageover{a,b}yields theoriginal language, (ab)*.The
compositionoftwopatternsisdefinedasfollows:

Definition (Composition).ThecompositionoftwopatternsA1andA2istheintersectionofthe
expansionofeachpatternovertheircombinedalphabets,E∑1(A1)∩E∑2(A2).

Intuitively,thecompositionoftwopatternsdefinesalanguageoftracesinwhichbothpatterns
hold.

Wecouldusethisgeneraldefinitiontoarbitrarycomposepatternsbyusingstandardalgorithms
forfinitestateautomatonmanipulation.However,ingeneral,performingthesepairwisecompositions
directlyareundesirable.Givenareasonablylargesetofpatterns,thefinitestateexpansion,intersection,
andminimizationoperationsbecomemoreexpensiveastheautomatagrow.

Thereissomedifficultyoftreatmentwiththeuseofthoserules,however,weusesomeother
rulesusedbyGabelandSu(2008)intheirframeworkJavert.

They recognize special casesof composition inwhich the resultof composition is compact
and intuitive.Then they formulate thesecasesas inference rules,which leads to straightforward
implementationinwhichcompositionisaconstanttimeoperation.

Theysuggesttworules:thebranchingruleandthesequencingrule:
Branching Ruledescribesthecompositionoftwopatternswithidentical“endpoint”,i.e.,the

firstandthelastlettersofasingleiterationofthepattern.Defining∑’as{a,b}∪∑L1∪∑L2,the
correctnessofthebranchingrulefollows:

E∑’(aL1*b)*∩E∑’(aL2*b)*=(a(L1|L2)*b)*(GabelandSu,2008,§3.5)

Thisruleperformsthecomposition,oftwopatternsthatdescribelegaloperationsatthesame
logicalstate.Forexample,fromthepatterns:[Callanswer*Close]*,and[Callnotanswer*Close]*

Wecaninferathirdpattern[Call(answer|notanswer)*Close]*
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Sequencing Ruledescribesthesequencingoftwopatternswithcompatibleendpoints.aswith
thepreviousrule,L1andL2musthavedisjointalphabets,whichmustinturnbedisjointfrom{a,
b,c}.Redefining∑’as{a,b,c}∪∑L1∪∑L2,thecorrectnessofthesequencingrulefollowsfrom
thefollowingfact:

E∑’(aL1b)*∩E∑’(bL2c)*∩E∑’(ac)*=(aL1bL2c)*(GabelandSu,2008,§3.6)

Continuingtheearlierexample,fromthepatterns:

[Call(answer|notanswer)*Close]*,[ConnectCall]*,and[Connectclose]*

Wecaninferafourthpattern[ConnectCall(answer|notanswer)*Close]*
Bothoftheserulesaregeneral;theyapplytobothmicropatternsandanyintermediateassembly

thereof.
Forthesecondparty,wecomputedandcomposedthesmallpatternsinparallelwiththeuseof

MapReduceframework.
IntheMapReduceimplementation,wehavetwosteps:theMapstepandtheReducestep;we

considertheminingPatternsastheMapstep,andcomposepatternsastheReducestep.
Asaninputwehavelogfileoftwoapplications,inthislogfilewehaveallapplicationstraces,

fromthosetraceswemineinparallelsmallpatterns,having<P,Value>,Patternsasthekeyand
theirvalues.IntheMapstepwemineallpossiblepatterns,therearetwotypesofpatterns(ab)*and
(ab*c)*;Pisasmallpatternandvalueisthenumberofpatterns,inthisstepwehavemanycasesof
<P,Value>.Inthereducestepwehaveonlytheresultofpatterns<P1,Value>and<P2,Value>,
afterwecomposetheminparallelinordertogetthefinalpatternthatrepresentsthewholemodelof
theprocess,thismodelgeneratesalotofcases,Unfortunatelytherearetwocasescan’tbegenerated
byourapproach.

OuralgorithmisanameliorationofexistingtechniquesbyusingMapReduce:
Repeattheprocessforallapplication

Input 
Process Traces or the log files of Applications 
Mapper 
Pattern 1, value 
………………. /*Pattern 1= (ab)* */ 
Pattern 2, value 
………………. /*Pattern 2= (ab*c)* */ 
Reducer 
Pattern 1, Values 
Pattern 2, Values 
Composition 
Compose the patterns using standard Algorithms of finite state 
automaton, and the sequencing, branching rules 
Output

Theworkflowhowrepresentstheactionsofusersforthreewebapplications.
Figure4representsourMapReduceapproach;P1andP2arethesmallminingpatterns.
Thenextsectionpresentsourresultinallsteps.

5.2 Results
Infirsttimeweusedalogfileofsize10GB;Table1presentstheresultofourapproachwithoutusing
MapReduce;weusedalogfileofsize10GBoftwoApplicationsSkypeandViber.Thenumberof
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tracesistheactionseffected,andtotaltraceeventsarethenumberofallactionscontainedinthelog
file,weknowthatwehavetwosteps;thepatternminingandthecompositionofpatternswhomare
executedinlimitedtimes.

Table2presentstheresultofourapproachusingMapReducedistributedinfive(05)computers
withthesameapplicationsandthelogfilesize.

Figure 4. The approach architecture using MapReduce

Table 1. Trace data and analysis times

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 825,458,970 5432,8s 462,0s

Viber 8 332,697,321 3951,0s 589,4s

Table 2. Trace data and analysis times with using MapReduce in five machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 825,458,970 2092,5s 298,0s

Viber 8 332,697,321 1901,0s 222,1s
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Table3presentstheresultofourapproachusingMapReducedistributedinten(10)computers
withthesameapplicationsandthelogfilesize.

Table4presentstheresultofourapproachusingMapReducedistributedintwenty(20)computers
withthesameapplicationsandthelogfilesize.

Insecondtimeweusedthesameclusterswithlogfileofsize18GB;
Table5presentstheresultofourapproachwithoutusingMapReduce;weusedalogfileofsize

18GBoftwoApplicationsSkypeandViber.Thenumberoftracesistheactionseffected,andtotal
traceeventsarethenumberofallactionscontainedinthelogfile,weknowthatwehavetwosteps;
thepatternminingandthecompositionofpatternswhomareexecutedinlimitedtimes.

Table 3. Trace data and analysis times with using MapReduce in ten machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 825,458,970 1431,3s 153,0s

Viber 8 332,697,321 1052,8s 143,7s

Table 4. Trace data and analysis times with using MapReduce in twenty machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 825,458,970 802,9s 99,8s

Viber 8 332,697,321 709,0s 82,3s

Table 5. Trace data and analysis times

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 935,478,970 7442,8s 982,0s

Viber 8 424,707,321 5951,0s 789,4s
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Table6presentstheresultofourapproachusingMapReducedistributedinfive(05)computers
withthesameapplicationsandthelogfileofsize18GB.

Table7presentstheresultofourapproachusingMapReducedistributedinten(10)computers
withthesameapplicationsandthelogfileofsize18GB.

Table8presentstheresultofourapproachusingMapReducedistributedintwenty(20)computers
withthesameapplicationsandthelogfileofsize18GB.

6. CoNCLUSIoN

Ascalablepatternminingsolutionshouldbeefficient,scalable.Inthispaper,weproposetouse
MapReduceasageneralframeworktominingmicropatternsfromprocesstraces.Tovalidateour
approach,wepresentedourexperienceofminingsmallpatternsandcomposethem.Ourexperiments
demonstratethatoursolutionminimizestheexecutiontime,andweconcludethattheparallelcompute
haveaninverserelationshipwiththeexecutiontime,withthegrowofthemachines,thetimeexecution
decreases.Inadditiontotheexistenceofaproportionalrelationshipbetweenthegrowofcomputers
andtheefficiencyoftreatment.

Thereareanumberofdirectionsforfuturework,includingandevaluatingourmethodinabig
numberofcomputersincloud,alsoforbiglogfilesizeofdifferentapplications.

Table 6. Trace data and analysis times with using MapReduce in five machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 935,478,970 4201,7s 541,8s

Viber 8 424,707,321 3151,8s 498,7s

Table 7. Trace data and analysis times with using MapReduce in ten machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 935,478,970 2092,5s 368,0s

Viber 8 424,707,321 1701,0s 302,1s

Table 8. Trace data and analysis times with using MapReduce in twenty machines

Application Num. of Traces Total Trace Events Execution Time

Pattern Mining Composition

Skype 11 935,478,970 999,9s 128,7s

Viber 8 424,707,321 896,9s 131,1s
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