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ABSTRACT

Thispaperproposesamethodbasedonanewwordembeddingapproachformatchingbusiness
processmodel.Theproposedmethodalignstwoprocessmodelsinfoursteps.Firstactivitylabels
areextractedandpre-processedtoremovemeaninglesswords,theneachwordcomposinganactivity
labelandusingasemanticsimilaritymetricbasedonWordNetisrepresentedwithann-dimensional
vectorinthespaceofthevocabularyofthetwolabelstobecompared.Basedontheserepresentations,
avectorrepresentationofeachactivitylabeliscomputedbyaveragingthevectorsrepresentingwords
foundintheactivitylabel.Finally,thetwoactivitylabelsarereportedassimilariftheirsimilarity
scorecomputedusingthecosinemetricisgreaterthansomepredefinedthreshold.Anexperiment
wasconductedonwell-knowndatasettoassesstheperformanceoftheproposedmethod.Theresults
showedthattheproposedmethodsharedthefirstplacewithRMM/NHCMandOPBOTtoolsand
canbeeffectiveinmatchingprocessmodels.
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INTRodUCTIoN

Processmodelmatching(i.e.,PMM)isanactivitywidelyconductedinorganizationstoalignprocess
models.Thisalignmentiscriticalformanybusinessprocess(i.e.,BP)managementtaskssuchas
storing,merging,clusteringorqueryingBusinessProcessmodels(i.e.,BPs)(LaRosaetal.2013;
Goncaloetal.2015;Weidlichetal.2012).

Technicallyanalignmentisasetofcorrespondencesbetweenactivitiesoftwoprocessmodels.
Eachcorrespondenceisapairoftwosemanticallysimilarsetsofactivities.Thefirstsetofapair
containsactivitiesfromthefirstBPandthesecondsetofthispaircontainsactivitiesfromthesecond
BP.Formally,analignmentisasetofnotoverlappedmatchespairs(i.e.,correspondences) {(A11, 
A21),(A1.2,A22),...,(A1n,A2n)}.Eachpairdefinesamatch(i.e.,correspondence)betweenasetofactivities,
A1i,fromBP1andasetofactivities,A2i,fromBP2.Twopairs(A1i, A2i)and(A1j,A2j)doesnotoverlap
iffA1i∩ A1j=∅ andA2i∩ A2j=∅ .Acorrespondence(A1i,A2i)betweenasetofactivitiesA1ifrom
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oneBPandasetofactivitiesA2imeansthattheactivitiesA1iandA2irefertothesameactivityinthe
domain.Figure1presentsofanexampleofanalignmentbetweentwoprocessmodels.

Correspondences between the activities are presented using the grey shades. Examples of
correspondenceisbetweentheset{prepare answer, applicant registration, send notification}inthe
processAandtheset{rejectstudents, accept student}inthebusinessprocessB.

The objective of any process model matching technique is to find automatically such
correspondences.

Manyapproacheshavebeenproposedtoachievethisobjective(Goncaloetal.2015;Danieletal.
2017,Xue,2019;Khurrametal.2019).Theproposedapproachesarewidelybasedonacombination
oflexical,syntacticandsemanticsimilaritymetricsproposedindifferentfieldssuchastheNLP(i.e.,
NaturallanguageProcessing)community(Goncaloetal.2015;Danieletal.2017).

Theliteratureshowedthattheseapproachesperformbetterinthecontextofontologymatching
(Euzenat&Shvaiko,2007)wheretheywereproposedfirstandthat theyarelesseffectivewhen
adapted to the context of process model matching (Daniel et al., 2017). Thus matching process
modelsstillsanopenproblemandworkneedstobedonetofindeffectivetechniquesforBPmodels
matching(Goncaloetal.2015;Cayogluetal.2013;Meilickeetal.2017).Thedifficultyiscaused
bythevocabularymismatchbetweenactivitiesinprocessmodelsandthelevelofdetailsofthese
activities.Thismeansthatsimilaractivitiesinbusinessprocessmodelsareoftendescribedusing
differentwordsandwithdifferentlevelofdetails(Weidlichetal.210).Forexample,theactivity
“checkorder”couldberepresentedintheotherBPusingdifferentwordsas“verifyrequest”and
theactivity“informapplicant”couldbedescribedusingthefollowingactivities“sendacceptance
letter,sendrejectletter”.

Figure 1. An example of an alignment



International Journal of Artificial Intelligence and Machine Learning
Volume 11 • Issue 1 • January-June 2021

3

The difficulty arises also from the nature of activity label which tend to be short text and
ambiguous(J.Mendlingetal.2009).Forexample,check documentsorsend letters.

Itisimportanttonotethattheproblemofdetectingsimilartexts(shortorlong)isalong-researched
problemintheNLPandinformationRetrievaldomains(Enekoetal.2016;Yates&Neto,1999).
Despitethatmanyapproacheshavebeenproposedtosolvethisproblem,itstillsanopenproblem
(Gomaa&Fahmy,2013).Theseapproachesarebasedonmanywordtowordsimilaritymeasures
thatcalculateascoreofsimilaritybetweentwowords.Thesetechniquesareclassifiedintothree
approachescorpusbasedgroupedintotwosubcategoriesstatisticalanalysisapproachesanddeep
learningapproaches,knowledgebased(e.g.,Wordnetbased)orstringbased.

Manyofthesetechniqueswasusedinbuildingprocessmodelmatchersandtheirevaluation
showeditthattheyarelesseffectiveandnoonecanbeofpracticalusesincenomatcherswasable
tooutperformsall theotherinallcases(Goncaloetal.2015).ThebestF-measureobtainedwas
between0.253-0.667(Goncaloetal.2015).

Thus,thispaperproposesamethodformatchingprocessmodels.Thismethodisbasedona
newwordembeddingapproach.Theproposedmethodis4stepsandworksasfollow:firstactivity
labelscomposingthetwoprocessmodelsareextractedandpre-processedtoremovemeaningless
words,theneachwordcomposingtheactivitylabelisrepresented,usingasemanticsimilaritymetric
basedonWordNet(Miller,1995),withanN-dimensionalvectorinthespaceofthevocabularyof
thetwolabels.Theproposedwordembeddingapproachisbasedontheassumptionthattwowords
aresemanticallysimilariftheysharethesameproperties(e.g.,semanticsimilarity)withtheother
words.BasedonthisrepresentationeachactivitylabelisrepresentedwithN-dimensionalvectorby
averagingitsconstituents’wordsvectors.Finally,thetwoactivitylabelsasreportedaresimilarif
theirsimilarityscorecomputedusingthecosinemetricisgreaterthansomepredefinedthreshold.

Anexperimentwasconductedonwell-knowndatasetstoassesstheperformanceoftheproposed
method.Theresultsshowedthatourmethodcouldbeeffectiveinmatchingprocessmodels.

Therestofthepaperisorganisedasfollows:sectionIIpresentstherelatedwork,sectionIII
presentstheproposedapproach,sectionIVpresentstheempiricalstudyanddiscusstheobtained
results,sectionVconcludeandpresentsfutureworks.

STATE oF THE ART

Manyapproacheshavebeenproposedtofindagoodalignment.Theproposedapproachesarewidely
basedonacombinationoflexical,syntacticandsemanticsimilaritymetricsproposedindifferent
fieldssuchastheNLP(i.e.,NaturallanguageProcessing)community(Goncaloetal.2015;Danielet
al.2017).Generally,thesemetricsareusedtocomputethesimilarityscorebetweenwordscomposing
activitylabelsandthenthesescoresarecombinedusingsomestrategytodecideiftwoactivitylabels
aresimilarornot.Manyoftheproposedapproacheswasproposedastechniquestomatchontologies
andthentheyareevaluatedonthecontextofprocessmatching(Maneletal.2017;Euzenat&Shvaiko
2007).Theliteratureshowedthattheseapproachesperformbetterinthecontextofontologymatching
andthattheyarelesseffectiveinthecontextofprocessmodelmatching(Danieletal.2017).

TheProcessModelMatchingContestsheldin2013and2015highlightedtheimportanceof
processmodelmatching(Goncaloetal.2015;Cayogluetal.2013).Theaimsofthecontestswasthe
evaluationoftheperformanceofthestateofthearttechniquesproposedforPMM.

In (Khurramet al. 2019), the authors evaluated the effectivenessofmanyword embedding
techniquesproposedintheliteratureinmatchingprocessmodels.TheauthorsfoundthatfastText-based
embeddingstechniqueiseffectivethanbothWord2vecandGloVe-basedembeddingstechniques.

TheTripleS(Cayugluetal.2013b;Goncaloetal.2015)techniqueusesacombinationofweighted
syntactic,semanticandstructuralsimilaritymetricstocomparetwoactivitylabels.Thetwolabels
arereportedassimilarifthecomputedscoreisgreaterthansomepredefinedscore.
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Danieletal(2013)presentedTheAgreementMakerLight(AML)system.AMLcombinesthe
resultofseveralmatchingalgorithms.Thesealgorithmsexploitlexicalandstructuralpropertiesof
processmodels.

In2013(Weidlichetal.,2013a),WeidichpresentedtheBPLangMatchtechnique,whichwasbased
onalanguagemodellingapproachtodetectmatcheswhereeachprocessisviewedasadocument
andactivitynamesaspassages.TheJensen-Shannondivergence(JSD)similaritymetricisusedto
calculatethesimilaritybetweenpassagesinthedocuments(i.e.,activities).Theproducedscoresare
modifiedaccordingtothepartofspeechtaggerinformationandThetop-kstrategiesisusedtoderive
thefinalcorrespondences(Avigdor&Tomer,2010).

The RefMod-Mine/NLM matcher (Goncalo et al. 2015) uses natural language processing
techniquesandabagofwordsconceptmodeltocreatecorrespondencesbetweenBPs.Manymatchers
usethistechniquebutthenewintheRefMod-Mine/NLMapproachistheuseofawordclassification
approach.

TheKnoMa-Procsystem(Weidlichetal.2013)usesinformationretrievaltechniquestoinfer
matches.TheKnoMa-Proctechniquestartsbybuildinganindexcontainingastructureddescription
ofeachentity.Secondaretrievaltechniquefindsbestmatchesforeachentityintheprocessmodelby
consideringeachentitytobematchedinthefirstBPasqueryontheindexofentitiesinthesecond
oneandviceversa.

In(Goncaloetal.2015;Abderrahmanekhiatetal.2015)presentedtheMatch-SSSandKnow-
SSSS(MSSS)approachtoalignBPs.Thesystemisbasedonstring-basedandWordNetsimilarity
metricstocompareactivitiesafterapre-processingstep.

InNiesenetal(2015)theauthorspresentedTheRefMod-Mine/VM2techniquetoalignbusiness
processmodels.Itisathreestepstechnique,firstatrivialmatchisdonetofindidenticallabelsand
labels thataresubstringofothers.Then,aLemma-basedmatchisconductedontheharmonized
labelsandfinallyaVector-basedmatchisexecuted.

TheRefMod-Mine/NHCMsystemisanameliorationofRefMod-Mine/NSCMpresentedatthe
ProcessModelcontest2013.Itisthreestepsapproach:First,modelsaretransformedtoacommon
formattoallowthematchingofdifferentmodelswrittenindifferentlanguage.Second,an-arycluster
matcherbasedonnaturallanguage-basedsimilaritymeasureisusedtocomparepairofnodesand
producesabinarycomplexmapping.Thirdafinalalignmentisproducedbasedontheproduced
binarycomplexmappingsandusingseveraltechniques.

InthepPalm-DSsystem(Goncaloetal.2015)avectorrepresentingeachlabeliscreatedby
summingthevectorsrepresentingitscomposingwords.Thewordvectorsarecomputedusingthe
word2Vecapproach.Twolabelsarereportedassimilariftheirsimilarityscorecomputedusingthe
cosinemetricisgreaterthansomepredefinedthreshold.

TheOrderPreservingBag-Of-WordsTechnique(OPBOT)(Goncaloetal.2015)findsmatches
intwosteps.Firstitdetectsactivitieshavingthesamelabelsandthenthedetailsoftherestofthe
labelsarereduced.Thisreductionisbasedonthreesimilaritymetrics.Asyntacticoneandisbased
onthelongestcommonsubsequencesimilarity.TheparadigmaticsimilaritywhichbasedonLin’s
similaritymetric.Thesyntagmaticonethatusesthecooccurrencecounts.

TheRefMod-Mine/SMSLmatcher(Goncaloetal.2015)isasemanticmatchingalgorithmbased
onasupervisedmachinelearningapproachandiscomposedoftwosteps:First,theprocessmodels
tobematchedareanalysedtoextractactivitieslabels,nextthesyntacticcategoryofeachlabelis
identified, thensemantically relatedwordsare identifiedusingWordNet.Secondakingof local
searchisdonetofindthefinalalignment.

In (Xue, 2019), the author presented the compact memetic algorithm-based process model
matchingtechnique.Thistechniquestriestodetectthresholdthatmaximizethef-measurevaluefor
eachmatchedpairofBPs.
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THE PRoPoSEd METHod

TheproposedmethodforbusinessprocessmodelmatchingisdepictedinFigure2.Thismethod
iscomposedof4steps:ActivityextractionandPre-processing,Activity labelsembeddingand
Matchdetection.

Activity Labels Extraction and Pre-Processing
Thisstepextractsactivitylabelsfromthetwoprocessmodelstobealigned,pre-processthemand
discardsmeaninglesswords. It aimsat transforming theactivity label toanewformat thathelp
improvingtheresultofthematchingprocess.Thisactivityconsistsofthefollowingsteps.First,a
tokenisationstepdividestheactivitylabelintowords.Next,anormalisationsteptransformseachword
inalowercaseform.Then,anoiseremovalstepremovesnumbers,specialcharactersandmeaningless
words.Awordismeaninglessifitdoesnotinfluencethematchingstep.Exampleofsuchwordsare
prepositions(e.g.,are,in,and,or,there).Meaninglesswordsareremovedbasedonastopwordlist.

Activity Label Embedding
Activitylabelembeddingconsistsofrepresentinganactivitylabelpreviouslypre-processedwitha
N-dimensionalsemanticvectorsthatrepresentsitsmeaning.

Thisstepbuildsthisrepresentationbasedonawordembeddingmodel.awordembeddingactivity
isataskthatconsistonrepresentingwordscomposingactivitieswithnumerical(i.e.,real)vector.
Thisvectorrepresentsthemeaningofeachword.Theideathatsupporttheproposedapproachis

Figure 2. The proposed method
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basedontheassumptionthattwowordsaresemanticallysimilariftheysharethesameproperties
(e.g.,semanticsimilarity)withtheotherwords.Forexample,ifwordW1issimilartoW2andW3
andisdifferentthanW4.AndifW5isalsoclosetoW2andW3anddifferentfromW4tosome
extent,thenW1issimilartoW5.

Tobuildsuchrepresentation,eachwordcomposingthetwoactivitylabelsismappedtoanM
dimensionalvector.WhereMisthesizeofthevocabularyofthetwoactivitieslabels(i.e.,unique
wordsinthetwoactivities).Formally:

LetA1andA2twoactivitylabelsafterpre-processing.ThesetofuniquetermscomposingA1,
UTA1={T1a...TnB}andthesetofuniquetermscomposingA2,UTA2={T1b...Tmb}.ThevocabularyV=
UTA UTA

1 2
∪  iscomposedbyuniquetermsfoundinA1andA2.

AwordWinA1orA2isrepresented(i.e.,mappedto)witharealvectorVW1={w1,w2,...,ws},
s=|V|andwiisthemaximalscoreofsimilarityfoundbetweenWandTi.ThestemofWandthestem
ofTiandthelemmaofWandthelemmaofTi.

AstemofawordWisderivedbyaprocessofstemmingwhichconsistonreducinginflectedword
toitsrootformbydeletingaffixes(e.g.,eliminatingsuffixand/orprefix).Forexample,thestemof
thewordconnectedisconnect.ThelemmaofawordWisfoundusingaprocessoflemmatisation,a
moresophisticatedprocessthanstemming,thatconsistoffindingtherootofthewordW.Forexample
thelemmaofthewordbetterisgood.

ThescoreofsimilarityiscalculatedusingtheJiang–Conrathdistance.Thismetricisasemantic
similaritymetricbasedontheWordNetthesaurus(Budanitsky&Hirst,2006).Thisprocessisoutlined
byalgorithm1.

Basedonthesewordsrepresentations,thevectorrepresentationoftheactivityAiiscreatedby
averagingthevectorsofwordscomposingtheactivityAi(Mitchell&Lapata,2008).

Formally:letAibecomposedofthesetofwords{wr1,wr2,....,wrs}Wherethevectorrepresentation
ofeachwordwri={wwr1,wwr2,....,wwrs}.TherepresentationofAiinaSdimensionalspaceis:

VAi={WA1,WA2,.....,WAs},suchthatWAi=
i

i swwri
s

�

�� 1 .Thisvectorrepresentsthemeaningof

theactivityAi.Theprocessusedtocomputetherepresentationisoutlinedbyalgorithm2.

Algorithm 1. Algorithm for embedding words composing activity labels

Inputs:twopre-processedactivityLabels:A1andA2
Output:avectorrepresentationofeachwordinA1andA2storedinahashtable.

L=tokenize(A1)Utokenize(A2);//L1listcontainingwordscomposingA1.
Removeduplicatewordsfrom(L1);
Initializethehashtablemaptonull;
//mapstoreswordsandtheirvectorrepresentations.
Foreachwordw1inLdo
{
initializeanemptyarrayVofdimension|L|;
Foreachw2inLdo{
Score=Max(Sim(w1,w2),Sim(stem(w1),stem(w2)),Sim(lemma(w1),lemma(w2)));//simcalculatethesimilarityscore
betweenW1andW2.
V.add(score);
}
map.add(w1,V);
//addthewordw1anditsvectorrepresentationVtothehashtablemap.
}
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Match detection
Givenasaninputtwoactivitylabels,thisstepcalculatesascorethatindicatestheirdegreeofsimilarity.

ApairofactivitylabelsA1andA2arereportedassimilarandconsequentlyasapartofthe
correspondences composing the alignment if their similarity score computed using the cosine
metric isgreater thansomepredefinedthreshold.Formally, letVA1={WA11,WA12,..,WA1s}and
VA2={WA21,WA22,.....,WA2s}bethetwovectorrepresentationofA1andA2respectively.Thesemantic
similarityiscomputedusingthefollowingformula:

Sim(VA1,VA2)=
VA VA
VA VA

1 2

1 2

*

*
.

Thesemanticsimilarityiscomputedonlyinthecasewherethetwoactivitiesaresyntactically
dissimilar.ThesyntacticsimilarityiscomputedusingtheLevenshteindistance(Levenshtein,1960).

EMPIRICAL STUdy

design 
Toconducttheempiricalstudy,atoolnamedBPMWE(BusinessProcessMatchingbasedonWord
Embedding)wasdeveloped.ThistoolimplementstheproposedmethodpresentedinFigure2andit
isdevelopedusingtheJAVAlanguage.Theempiricalstudywasconductedtoassesstheperformance
oftheproposedmethod.Theempiricalstudyconsistsoftwoexperiments.Themainhypothesisis
thatourmethodisappropriateformatchingprocessmodel.Morespecifically,theempiricalstudy
intendstoanswerthefollowingresearchquestion.

RQ1:ProcessmodelmatchingPerformance:Howistheprecisionandrecalloftheproposedmethod
comparedtoothertechniques?

InordertoanswerRQ1,anexperimentwasexecutedonthreewellknowndatasets(Goncalo
etal.2015).Thenthreewidelyusedmeasuresbytheprocessmanagementcommunityareusedto
evaluatetheproposedmethod.ThesemeasuresarePrecision,RecallandF-measure.

Finally,theresultsoftheexperimentsarecomparedtotheresultsofstate-of-the-artmatchers
todrawafinalconclusion.

The datasets
Theempiricalstudyusedthreewell-knownsetsofprocessmodels(Goncaloetal.2015):

Algorithm 2. Algorithm for embedding activity labels

Input:Apre-processedactivityLabelA,amapthatstorewordsrepresentation.
Output:AvectorrepresentationofA.
L=tokenize(A);
InitializeVAtoanemptyvectorofsize=|A|;
ForeachwordWinA
VA=VA+map.get(w);
//map.get(w)returnsthevectorrepresentationofthewordWfromMap;
VA=VA/|A|.
1.1
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1. UniversityAdmissionProcesses(UA):Thissetconsistsof36modelpairsthatwerederivedfrom
9modelsrepresentingtheapplicationprocedureforMasterstudentsofnineGermanuniversities.

2. BirthRegistrationProcesses(BR):Thissetconsistsof36modelpairsthatwerederivedfrom9
modelsrepresentingthebirthregistrationprocessesofGermany,Russia,SouthAfrica,andthe
Netherlands.

3. AssetManagement(AM):Thissetconsistsof36modelpairsthatwerederivedfrom72models
fromtheSAPReferenceModelCollection.

These datasets come with an oracle (i.e., golden set) containing information about matches
existingbetweeneachpairoftwoprocessmodels.Basedoninformationcontainedinthisoracle,
eachcomputedbyourmethodisclassifiedaseithertrue-positive(TP),true-negative(TN),false-
positive(FP)orfalse-negative(FN).Then,Precision,Recallandf-measurearecalculatedusingthe
followingformulas:

Precision=
TP

TP FP+
.

Recall=
TP

TP FN+
. 

F-measure=
2* *precision recall
precision recall+



Results
Table1showsthePrecision,theRecallandF-measurevaluesobtainedbyexecutingtheBPMWE
matcheronthethreeUA,BRandAM.Thesearethebestvaluesobtainedwhensettingthethreshold
to0.98,0.77and0.98inthecaseoftheUA,BRandAMdatasetsrespectively.

TheFigure3showsthattheprecisionvaluesachievedbytheBPMWEwas0.847,0.499and0.956
inthecaseofUA,BRandAMdatasetsandcompareittotheprecisionthestate-of-the-artmatchers.
Thesevalueswasveryhigh.

TheFigure4showsthattheRecallvaluesachievedbytheBPMWEwas0.478,0.446and0.486
inthecaseofUA,BRandAMdatasetsandcompareittotheRecallthestate-of-the-artmatchers.
TheFigure4showsthatthevalueswerebalancedinallcases.

TheFigure5showsthattheF-measurevaluesachievedbytheBPMWEwas0.611,0.471and
0.644inthecaseofUA,BRandAMdatasetsandcompareittotheF-measurethestateoftheart
matchers.

Table 1. Precision, Recall and F-measure values of BMWE method

UA BR AM

Precision 0,847 0,499 0,956

Recall 0,478 0,446 0,486

F-measure 0,611 0,471 0,644
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Figure 3. Precision of the BMWE method

Figure 4. The Recall of the BMWE method
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Tostudythequalityoftheobtainedresultsbytheproposedmatcher,theseresultsneedtobe
comparedwiththestate-of-the-artmatchers.

TheTable2comparesthef-measurevaluesoftheproposedmatchertof-measurevaluesobtained
bystate-of-the-artmatchers.

FromthistableandfromFigures3,4and5,Itisveryimportanttonotethatnomatcherwasable
tooutperformalltheothersinallcases.

Thetableshowsthatmatchersthatoutperformedallothermatcherinonecasearelesseffective
inothercases.

Forexample,AML-PMoutperformedalltheotherinthecaseoftheAMdatasetbutitwasless
effectiveintheothertwocases.Itsrankswere10inthecaseofUAdatasetand6inthecaseofBR
dataset.Theproposedmethod,BPMWE,outperformedAML-PMintwocases(UAandBR)from
three.

TheRMM/NHCMoutperformedalltheotherinthecaseoftheUAdatasetbutitwaslesseffective
intheothertwocases.Itsrankwas2inthecaseofAMdatasetand4inthecaseofBRdataset.The
proposedmethod,BPMWE,outperformedRMM/NHCMinonecase(BR)fromthree.

TheOPBOToutperformedalltheotherinthecaseoftheBRdatasetbutitwaslesseffectivein
theothertwocases.Itsrankwas5inthecaseofUAdatasetand6inthecaseofAMdataset.The
proposedmethod,BPMWE,outperformedOPBOTintwocases(UAandAM)fromthree.

Thistableindicatesalsothattherankoftheproposedmethod(BPMWE)was3afterRMM/
NHCMandRMM/NLM,2afterOPBOTand5afterAML-PM,RMM/NHCM,RMM/NLMand
BPLangMatchinthecaseofUA,BRandAMdatasetsrespectively.

Theseinformationshowthatitisverydifficulttocalculateanexactrankforourapproachor
foranyothermatcher.Butitindicatesclearlythattheproposedmethodsharethefirstplacewith
RMM/NHCMsincethetwoapproachesoutperformedalltheothermatchersintwocasesfromthree.

ThustheproposedmethodBPMWEiseffectivethan11matchersandsharesthefirstplacewith
RMM/NHCM.

TocomparequantitativelyBPMWEwithothermatcherstheaverageF-measurescoreachieved
byeachmatcherwascalculated.ThesescoresarepresentedinTable3.

Figure 5. The F-measure of the BMWE method
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ThisTableconfirmsthepreviousconclusionandshowsthattheBPMWErankis3afterOPBOT
andRMM/NHCM.DespitethatOPTBOTwasoutperformedbytheproposedmethodBPMWEand
RMM/NHCMintwocases,inaverageitisrankedfirstbecauseofthehighvalueobtainedinthecase
ofBRwhereitoutperformedBPMWEandRMM/NHCM.

Consequently,theanswertotheresearchquestionRQ1isgivenasfollow:
TheproposedmethodsharedthefirstplacewithRMM/NHCMandithavethepotentialtomatch

BPseffectively.

Table 2. A comparison of F-measure values of the state-of-the-art matchers to the F-measure values of BMWE

F-measure UA BR AM

OPBOT 0,600 0,565 0,639

RMM/NHCM 0,668 0,457 0,661

BPMWE 0,611 0,471 0,644

AML-PM 0,384 0,392 0,677

KMSSS 0,544 0,386 0,579

BPLangMatch 0,397 0,418 0,646

KnoMa-Proc 0,394 0,262 0,355

MSSS 0,607 0,331 0,619

pPalm-DS 0,253 0,459 0,474

RMM/NLM 0,636 0,310 0,652

RMM/SMSL 0,542 0,384 0,353

RMM/VM2 0,293 0,434 0,603

TripleS 0,485 0,384 0,577

Table 3. A comparison of the average F-measure values of the state-of-the-art matchers to the average F-measure values of 
BMWE

Average F-measure

OPBOT 0,601

RMM/NHCM 0,595

BPMWE 0,576

RMM/NLM 0,533

MSSS 0,519

KMSSS 0,503

AML-PM 0,484

BPLangMatch 0,487

TripleS 0,482

RMM/VM2 0,444

RMM/SMSL 0,427

pPalm-DS 0,395

KnoMa-Proc 0,337
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CoNCLUSIoN 

ThispaperproposedanewmethodforprocessmodelmatchingandatoolnamedBPMWE.The
proposedmethoddetectssemanticallyequivalentactivitiesbasedonanewwordembeddingapproach.
Firstactivitylabelstobecomparedareextractedfromprocessmodelsandpre-processedtoremove
meaninglesswords,theneachwordcomposinganactivitylabelisrepresentedwithanN-dimensional
vectorinthespaceofthevocabularyofthetwolabelsandusingWordNet.Basedonthisrepresentation
eachactivitylabelisrepresentedwithN-dimensionalvectorbyaveragingthevectorsrepresenting
itscomposingwords.Finally,thetwoactivitylabelsarereportedassimilariftheirsimilarityscore
computedusingthecosinemetricisgreaterthansomepredefinedthreshold.Anexperimentwas
conductedonwell-knowndatasets toassess theperformanceof thereposedmethod.Theresults
showedthatourmethodoutperformedmostofthematchersproposedintheliterature.Theresults
showthatthemethodsharedthefirstplacewithRMM/NHCMandOPBOT.

Afutureworkwillbededicatedtoimprovetheeffectivenessoftheproposedapproachandto
evaluate it indifferentdomains that requirematchingshort textssuchasontologymatchingand
NLPdomains.
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