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ABSTRACT

Anewgenerationofemoticons,calledemojis,isbeinglargelyusedforbothmobileandsocialmedia
communications.Emojisareconsideredagraphicexpressionofemotions,andusershavebeenwidely
usedtoexpresstheiremotionsinsocialmedia.Emojisaregraphicunicodesymbolsusedtoexpress
perceptions,views,andideasasashorthand.Unlikethesmallnumberofwell-knownemoticons
carryingclearemotionalcontent,hundredsofemojisarebeingusedindifferentsocialnetworks.The
taskofemojiemotionrecognitionistopredicttheoriginalemojiinatweet.Recurrentneuralnetwork
isusedforbuildingemojiemotionrecognitionsystem.Gloveisaword-embeddingmethodusedfor
obtainingvectorrepresentationofwordsandareusedfortrainingtherecurrentneuralnetwork.This
isachievedbymappingwordsintoameaningfulspacewherethedistancebetweenwordsisrelated
tosemanticsimilarity.BasedonthewordembeddingintheTwitterdataset,recurrentneuralnetwork
buildsthemodelandfinallypredictstheemojiassociatedwiththetweetswithanaccuracyof83%.
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1. INTRODUCTION

Developingsocialnetworkplatformshasgivenpeopleanewwayofgeneratingandconsumingalot
ofweb-basedinformation(Dixitet.al.,2017).Peopleusedtoobtaininformationfromportalwebsites
inthepast.Alargenumberofwebsitestodayprovideinformationonalonglistofsubjectsthatvary
frompoliticstoentertainment.Thesetraditionalonlineinformationsourcesarealwaysuseful,but
arelessefficientsincetheyoftencontainredundantinformation.Duetothearrivalofonlinesocial
networkplatforms,peopletendtogetinformationfromtheminafasterpaceandismoreefficient.
Theseplatformsareavailableforuserstochoosetheinformationsourcetheyareinterestedin.To
mention,largenumberofsocialnetworkplatformssuchas,Twitter,Google+,andFacebookprovide
informationtousers(Geethaet.al.,2019;Xionget.al.,2018).

ThemostpopularplatformformicrobloggingisTwitter.Itisoneofthefastestgrowingsocial
networkplatformsandhasadominantmicrobloggingposition.Everyday,morethan500million
registereduserspost340milliontwittermessages(Dixitet.al.,2017;Mohammadet.al.,2015),
sharingtheirviewsandactivitieseveryday.Twitterpostsaremuchshorterthanthoseonregular
microbloggingplatforms(Paket.al.,2010;Penningtonet.al.,2014).Only140charactersorlesscan
bepostedinonetwittermessage(Dixitet.al.,2017).Thisfeaturemakestwittereasierandkeepsit
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distinctfromthemassiveamountofinformationavailableonlineforpeopletogetthemainpoint.
Intwitter,communicationismadethroughmessagescommonlyreferredasthetweets.Inthissocial
website,peopleareallowedtomakepostsaboutdifferentthings,thusenablingpeopletogettheir
requiredinformationfromthemassiveamountofinformationavailable.

Twitteruserscanfollowwhateverpeopleandsourceofinformationtheyprefer,dependingon
theusers’needs.Twitterhasthereforebecomeapowerfulplatformwithmanykindsofinformation
fromworldwidebreakingnewstobuyingproductsathome,withallthebenefitsmentionedabove.
Theinformationstreamsontwitterhaveexperiencedanincredibleincreaseinthepopularityofsocial
networkoverthepastfewyears.Usershaveahugeamountofinformationonvariousaspects(Unnisa
et.al.,2016).Notalltheinformationisusefultousershowever,andeachuserhastheirowninterests
andpreferences.Thereisurgencyforuserstohavepersonalizedservices.Nowadays,moreandmore
personalizedservicesareprovidedtobenefittheusers.Peopleneedthispersonalizedservicetomake
theirfast-pacedlivesmoreefficient.

Everyday,usersarepublishingalargeamountofinformationonthetwitterplatform.Twitter
dataisrelatedtothebehaviouroftheuserandthereforemanyresearchstudiesfocusontwitterand
itscollectionofdata.Oneof thetwitterbasedresearchisusermodelling.Researchersstartedto
explorerankingsandrecommendationsoftwitter-referencedwebresourcestoprovideapersonalized
service.Basedontheirpublishedtweets,alargeamountofresearchfocusesonmodellingusersand
interests.MicroblogssuchasTwitterandSinaWeiboareakindofpopularsocialmedia(Pennington
et.al.,2014)inwhichmillionsofpeopleexpresstheirfeelings,emotions,andattitudes.Becausea
largenumberofmicroblogpostsaregeneratedonadailybasis,theminingoffeelingsfromthisdata
sourcehelpstoperformresearchonvarioustopics,suchasanalysingbrandreputation,predicting
thestockmarket,anddetectingabnormalevents.

Itisthereforecrucialtoimprovetheperformanceofthetasksofsentimentanalysisinmicroblog
environments(Liet.al.,2017).Inrecentyears,microblogsentimentanalysis(Al-Halahet.al.,2019)
hasbeenahot researchareaandseveral important issueshavebeenstudied,suchas identifying
whether a post is subjective or objective, called subjectivity classification, identifying whether
apost ispositiveornegative, i.e.polarityclassification,andrecognizingemotion inaparticular
post.Supervisedmachinelearningtechniqueshavebeenwidelyadoptedforanalysingmicroblog
feelingsandhaveprovedeffective.Different features, suchassentiment lexicons,part-of-speech
tags,andmicrobloggingfeatures,wereusedtoreinforcetheclassifiers.However,duetothelarge
vocabularyadoptedbymicroblogusers,themanuallabellingofsufficienttrainingpostsisextremely
laborintensive.Fortunately,differentemoticonsareoftenadoptedinmicroblogenvironmentsand
areusuallypostedalongwithemotionalwords(Xiaet.al.,2017).Inaddition,inmanymicroblog
platforms,graphicalemoticons,whicharemoreaccuratethanthosecomposedofpunctuationmarks,
havebeenintroduced.Emoticonscanthusserveasanefficientsourceofemotionalsignals,enabling
tasksfortheclassificationoffeelingstobeperformedwithoutorwithasmallnumberofmanually
labelledposts(Bulutet.al.,2019).

Recognizingtheemotionoftheuserisamajorchallengeforpeopleandmachinesalike.Onone
hand,atcertaintimes,peoplemaynotbeabletorecognizeorstatetheirownemotions.Ontheother
hand,machinesneedprecisegroundtruthformodellingemotions,aswellasadvancedalgorithmsfor
machinelearningtodevelopemotionmodels.Sensorsprovidedatasources,suchasaudio,gestures,eye
gazesandbrainsignalsthatmayberelevanttoemotionrecognitioninhardsensingmethods.Additional
sensorsmaybeattachedtotheusertoprovidepersonalphysiologicalcuessuchasheartratesensors,
howeverthesewearablesensorsarenotapplicableinpracticalandnaturalsettings,sincetheycan
beobtrusivetotheuser.Softsensingmethods,ontheotherhand,extractinformationfromsoftware
thatalreadyexistswiththeuser,ontheirphone.Eventsofpositiveandnegativefeelingsandoverall
impressionshavebeenstudiedinordertounderstandthenatureandusageofsuchcharacters(Liu,
2012).Publicopinionsaboutglobalhappeningscanbeanalysedasthemainresourcetoinvestigate
theeffectsandusageofEmojicharacters(Colneriĉ&Demsar,2018)onsocialnetworksentiments.
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