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ABSTRACT

Alongwithtrueinformation,rumorsspreadinonlinesocialnetworks(OSN)onanunprecedented
scale.Inrecentdays,rumoridentificationgainsmoreinterestamongtheresearchers.Findingrumors
alsoposesothercriticalchallengeslikenoisyandimpreciseinputdata,datasparsity,andunclear
interpretationsoftheoutput.Toaddresstheseissues,weproposeaneuro-fuzzyclassificationapproach
calledtheneuro-fuzzyrumordetector(NFRD)toautomaticallyidentifytherumorsinOSNs.NFRD
quicklytransformstheinputtofuzzyruleswhichclassifytherumor.Neuralnetworkshandlelarger
inputdata.Fuzzysystemsarebetterinhandlinguncertaintyandimprecisionininputdatabyproducing
fuzzyrulesthateffectivelyeliminatetheunclearinputs.NFRDalsoconsidersthesemanticaspects
ofinformationtoensurebetterclassification.Theneuro-fuzzyapproachaddressesthemostcommon
problemssuchasuncertaintyelimination,noisereduction,andquickergeneralization.Experimental
resultsshowtheproposedapproachperformswellagainststate-of-the-artrumordetectingtechniques.
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1. INTRODUCTION

Recently,onlinesocialnetworks(OSNs)arebecomingaconvenientandpopularsourceoflatest
newssinceOSNsmakepeer-to-peercommunicationeasier,open,andinstant.Suchanopenand
unmoderateddiscussionhasledOSNsafertilelandforunverifiedinformationspreadonalarger
scale.Thisunverifiedinformationisotherwisecalledasunconfirmedinformationorrumor.Rumors
permeatedateverycornerofsocialnetworkingapplicationdue to large-scaledissemination ina
brieftime.Thiskindofhugecirculationofrumorsleadstopotentialdamagesandelevatedsocietal
harmsacrossonlineandofflinesocialcommunities.Detectingrumorsandcontrollingattheearliest
isimperativetominimizethedamagestothenetwork.Consequently,theaccurateidentificationof
rumorsinOSNsishighlybeneficialanddesirable.

Inthesocialpsychologyfield,therumorisdefinedasapieceofinformationwhosesourcecannot
beverifiedastrueorfalseatthetimeofcirculation(Allport&Postman,1947).InOSNterms,a
rumorisastoryorclaimthatisunverifiedandbeingpropagatedamongparticipantsinthenetwork.
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Researchtaskinthisareaofstudyistoidentifyandcontroltherumorsusingvariousfeaturesof
everyinformation.Theprominentfeaturesthatdeterminetheveracityofrumorsarethetemporal,the
linguistic,andthestructuralaspectsoftheinformation(Kwon,Cha,Jung,Chen,&Wang,Prominent
featuresofrumorpropagationinonlinesocialmedia,2013).Currently,arichsetofprincipledrumor
detectionmethodsareproposedforonlinesocialnetworkswhichusecontent,temporalandstructural
featuresoftheinformation(Castillo,Mendoza,&Poblete,Informationcredibilityontwitter,2011)
(Kwon,Cha,&Jung,Rumordetectionovervaryingtimewindows,2017)(Liu,Nourbakhsh,Li,
Fang,&Shah,2015).Fewtypesofresearchleveragethewisdomofusers(Liu,Nourbakhsh,Li,
Fang,&Shah,2015)(Zhao,Resnick,&Mei,2015),propagationnetwork(Ma,Gao,&Wong,Rumor
DetectiononTwitterwithTree-structuredRecursiveNeuralNetworks,2018)andsoon.However,the
fundamentalproblemssuchasinputuncertainty,inputnoise,datasparsity,and,outputinterpretation
ofthisdynamicandcomplicatedinformationpropagatingnetwork,OSNs,arenotwelladdressedby
thesestate-of-the-artmethods.

OSNsaredrivenbyinformationsharingacrosstheparticipantsinanuncontrolledenvironment.
Participantscaninterpretandsharethesameinformationindifferentsemanticaldirectionswhich
introducesuncertaintyandinconsistencyininformationinitsfurtherspreadsinthenetwork.Such
impreciseinformationneedstobehandledwhileidentifyingrumorstoavoidmisleadingclassification
results.Apartfromthis,whenrumorneedstobeidentifiedearlierinitspropagation,thecommon
problemwouldbesparsityofinputwhichin-turncontainsmorenoiseindata(Haufeetal.,2014)(Ma
etal.,2016).Suchaveryless,noiseincorporated,dataoftendoesnothelpinrumoridentification.
Thissituationcausestheearlierdetectionjobafailure.Also,machine-learninganddeep-learning
classifications are commonly having the problem of output interpretation (Lipton, 2016) (Lou,
Caruana,&Gehrke,2012).Theoutputgeneratedbythesemodelsdoesnothaveaproperinterpretation
astohowtheresultsarrive.Thisleadstotheproblemofnotknowinghowthepresentedmodelworks.

Thispaperisaimingtodealwiththesefundamentalproblemswiththehelpofdeep-learning
andfuzzyapproaches.Impropergeneralizationanddatanoisecanbecarefullyomittedwithdeep
learningapproaches.Therearefewdeep-learningrumorclassificationapproachesproposedsofarfor
suchtasks.Thoughsuchmethodsprovideautomationandhigheraccuracyofoutputs,theapproaches
havesomeproblemslikenoclearinterpretationofoutputs,uncertaininput,noisyandlesserinput
data.UncertaintyandimprecisionofdatacanberesolvedwiththehelpofFuzzylearningandthis
alreadybeenaprovenapproachformanypracticalproblemssuchasportfoliomanagement(Atsalakis,
Protopapadakis,&Valavanis,2016)(Hadavandi,Shavandi,&Ghanbari,2010)(Boyacioglu&Avci,
2010),imageprocessing(Kwan&Cai,1994),etc.,Alongwithlinguisticinput,semanticaspectsof
theinformationalsohelpstoreducetheambiguityduetoimpreciseinputdata.

1.1. Objective
Typically,oneormoreusersofOSNpoststoriesaboutaneventoraclaim,basedonwhattheyhear
frominternalorexternaltotheOSNplatform.Otherscanresharesuchpostsinthenetworkwhich
enablesittopropagateinOSN.Ifsuchinformationisnotatruthfulclaim,thenitmaycausedamage
totheplatformandthesociety.Thispaperaimstoclassifytheunderlyingeventofasetofposts/
storiesinonlinesocialnetworksisarumorornot.

AnonlinesocialnetworkhavingN setofuserswhocanpostastoryaboutasetofunverified
eventsorclaimsE e e e
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Rumor-Identification:GivenanonlinesocialnetworkingsiteG consistsofE events,thetaskofrumor
identificationistoclassifywhethertheeventisarumorornotusingthesetofpostsrelatedtotheevent:
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