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ABSTRACT

Publicsoftwarerepositories(SR)maintainamassiveamountofvaluabledataofferingopportunitiesto
supportsoftwareengineering(SE)tasks.Researchershaveappliedinformationretrievaltechniquesin
miningsoftwarerepositories.Topicmodelsareoneofthesetechniques.However,thistechniquedoes
notgiveaninterpretationnorlabelstotheextractedtopicsanditrequiresmanualanalysistoidentify
them.SomeapproacheswereproposedtoautomaticallylabelthetopicsusingtagsinSR,butthey
donotconsidertheexistenceofspam-tagsandtheyhavedifficultiestoscaletolargetagspace.This
articleintroducesanovelapproachcalledautomaticallylabelledsoftwaretopicmodel(AL-STM)that
labelsthetopicsbasedonobservedtagsinSR.Itmitigatestheshortcomingsofmanualandautomatic
labellingoftopicsinSE.AL-STMisimplementedusing22KGitHubprojectsandevaluatedinaSE
task(tagrecommending)againstthecurrentlyusedtechniques.Theempiricalresultssuggestthat
AL-STMismorerobustintermsofMAPandnDCG,andmorescalabletolargetagspace.
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INTROdUCTION

Softwarerepositories(SR)offerarealopportunitytounderstandsoftwareaspects,enhancesoftware
quality,andpromotecodereuse.ThetextualdatainpublicSRaremostlyunstructureddata(Agrawal,
Fu,&Menzies,2018)(Chen,Thomas,&Hassan,Asurveyontheuseoftopicmodelswhenmining
softwarerepositories,2016)thatcanbefoundinmanysoftwareartefacts,suchassourcecode,email
archives,bugsreport,etc.Toexploitthelatentinformationinthesedata,thesoftwareengineering(SE)
communityconductedseveralstudiesonminingsoftwarerepositories(MSR)usingtheinformation
retrieval(IR)technique.TopicmodelsareoneofthewidelyusedIRtechniques.Theyarestatistical
modelsthatdiscoverlatentsemanticstructuresinunstructuredtextualdataandclustertheminto
topics.Whereeachtopicisasetofco-occurringwords,andadocumentisamixtureoftopics.Several
approachesbasedontopicmodelslikeLatentDirichletAllocation(LDA)(Blei,Ng,&Jordan,2003)
andLabelledLDA(LLDA)(Ramage,Hall,Nallapati,&Manning,2009)wereproposedtosupport
SEtaskssuchasfeaturelocationandextraction(Binkley,Lawrie,Uehlinger,&Heinz,2015)(Sun,
Li,Leung,Li,&Li,2015), traceabilitylinkrecovery(Hindle,Bird,Zimmermann,&Nagappan,
2015)(Panichella,etal.,2013),softwarequalityandmetrics(Chen,Shang,Nagappan,Hassan,&
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Thomas,2017)(Hu&Wong,2013),andsoftwareorganisationandclustering,(Markovtsev&Kant,
2017)(Sharma,Thung,Kochhar,Sulistya,&Lo,2017).

Despitetheiradvantages,topicmodelshavesomeshortcomingssuchasthedependencyoftheir
performanceontheselectedparameters,uninterpretedtopics,andpoorperformanceonshorttexts.
Topicmodelsdonotgiveaninterpretationofthegeneratedtopicsandrequireanextrasteptolabel
them.ThisstepinSEiscostlyanddependsonexperts’knowledgeifdonemanually,especiallywhen
dealingwithabignumberof topics.Someapproachesuse thewordswith thehighestmarginal
probability p w t

i j
� )( | forlabelling.However,previousexperiences(Kawaguchi,Garg,Matsushita,

&Inoue,2006),(Markovtsev&Kant,2017),(Sharma,Thung,Kochhar,Sulistya,&Lo,2017),(Tian,
Revelle,&Poshyvanyk,2009)showedthatevenwithahandfulnumberoftopics,theycouldtake
severaldaystobecompletelyanalysed.Inarecentsurvey(Chen,Thomas,&Hassan,2016),the
authorsreported:“Labellingandinterpretingtopicscanbedifficultandsubjectiveandmayrequire
muchhumaneffort.Futurestudiesshouldexplorewaystoapplydifferentapproachestoautomatically
labelthetopics”(p.34).

SomeshortcomingswereaddressedinSE,particularlytuningtheparameter(Agrawal,Fu,&
Menzies,2018)(Panichellaetal.,2013).OthersweretreatedinNLPandappliedbySEcommunity,
particularlytopicsinterpretationandlabelling(Lau,Grieser,Newman,&Baldwin,2011)(Ramage,
Hall,Nallapati,&Manning,2009)andadaptationforshorttexts(Yan,Guo,Lan,&Cheng,2013)
(Jin,Liu,Zhao,Yu,&Yang,2011).InSE,theautomaticlabellingapproachesusetagsextracted
fromtaggedSRtolabelthetopics.Thesetagsaretheoutcomeofthetaggingmechanismadoptedby
manyOpen-SourceSRtoorganisesoftwareandfacilitateprojectsearch.Somerepositoriessuchas
SourceForge1,allowonlyarestrictedlistoftags.OtherssuchasGitHub2,Freecode3andOpenhub4
allowtheprojectowneranduserstoaddanytag.Thisabsenceofcontrolledvocabularyinsome
repositoriesdrovethenumberoftagstoincreasesignificantly,whichledtotheappearanceofnoisy
tagsamongthem.Theauthorsstudied120KGitHubprojectsandfoundthat thereahighriskof
spam-tagspresenceinSR.

LLDA(Ramage,Hall,Nallapati,&Manning,2009)isalabelledtopicmodelthatwaswidely
reusedbyNLPandSEcommunity.Itremovestheneedfordefiningoneofthelearningparameters
(numberoftopics)andlabellingthetopics.InLLDA,thetrainingdatacanbelabelledwithexternal
labels.LLDAcomputestheprobabilitydistributionoftopicsbasedonthedistributionofthelabels,
whereeachlabelisconsideredasatopic.

Nevertheless,LLDAhastwoshortcomings.Thefirstisthatitassumesthatallthetrainingdata
arecorrectlytaggedwiththedocumentrealdomains(topics),anddonotassumethepresenceof
spam-tags.Thesecond,accordingtothesameauthors(Ramage,Manning,&Dumais,2011):“Labeled
LDAdoesnotassumetheexistenceofanylatenttopics(neitherglobalnorwithinalabel)”.They
added:“LabeledLatentDirichletAllocation”isnotsolatent:everyoutputdimensionisinone-to-one
correspondencewiththeinputlabelspace”(p.458).Thisdrawbackwaspartiallyresolvedbyproposing
PLDAandPLDPthatassumestheexistenceoflatenttopicwithinlabelsandallowaone-to-many
relationshipbetweenthelabelsandthetopics,butthisrelationdoesnotassumetheexistenceoflatent
globaltopicsthatincludelabels.Furthermore,thesemodelsforcethenumberoflatenttopicswithin
labelstoafixednumberforallthelabelsregardlessoftheobserveddata,whichdoesnotnecessarily
reflecttherealtopicdistributioninthedataandmayresultinredundantorirrelevanttopics.

Thepurposeoftheapproachpresentedinthisworkistoaddressthechallengeofautomatically
labellingthetopicsandovercomethedrawbackoftaggingmechanismsinSR.AutomaticallyLabelled
SoftwareTopicModel(AL-STM),isanunsupervisedlabellingmechanismforsoftwaretopicmodels.
Foreachtopic,AL-STMgeneratesasetofrankedlabelcandidatesbasedontaggedsoftware.To
getthemostrepresentativetopicmodelofthesoftwareandtheirdomainsinthetrainingcorpus,
AL-STMincludesaparameteroptimisationstep.Thishelpsindistinguishingbetweenthecorrect
tagsandthespam-tags.Italsousesamechanismtoreducetheimpactofspamtagsbasedonthe
conceptofcentroids.Besides,AL-STMdefinesamany-to-manycorrespondencebetweenthetopics
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