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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.



 

 

11 more pages are available in the full version of this

document, which may be purchased using the "Add to Cart"

button on the publisher's webpage: www.igi-

global.com/article/implementation-of-recurrent-network-for-

emotion-recognition-of-twitter-data/269735

Related Content

“I’ve Got a Situation and Would Appreciate Your Experience”: An Extra-

Organizational Virtual Community of Practice for Independent Professionals
Enrique Murillo (2012). International Journal of Virtual Communities and Social

Networking (pp. 52-80).

www.irma-international.org/article/got-situation-would-appreciate-your/75779

Social Media Metrics in an Academic Setup
Tasleem Arifand Rashid Ali (2017). Social Media Listening and Monitoring for

Business Applications (pp. 116-130).

www.irma-international.org/chapter/social-media-metrics-in-an-academic-setup/166446

Understanding Users’ Continuance of Facebook: An Integrated Model with

the Unified Theory of Acceptance and Use of Technology, Expectation

Disconfirmation Model, and Flow Theory
Chia-Lin Hsuand Cou-Chen Wu (2011). International Journal of Virtual Communities

and Social Networking (pp. 1-16).

www.irma-international.org/article/understanding-users-continuance-facebook/61431

Social Networking: A Retrospective into the Trust Formation and Threats
Vladlena Benson (2015). Implications of Social Media Use in Personal and

Professional Settings (pp. 118-130).

www.irma-international.org/chapter/social-networking/123285

The Way is the Goal Interview with Maqui, Indymedia London / IMC-UK

Network Activist
Stefania Milan (2010). International Journal of E-Politics (pp. 88-91).

www.irma-international.org/article/way-goal-interview-maqui-indymedia/38971

http://www.igi-global.com/article/implementation-of-recurrent-network-for-emotion-recognition-of-twitter-data/269735
http://www.igi-global.com/article/implementation-of-recurrent-network-for-emotion-recognition-of-twitter-data/269735
http://www.igi-global.com/article/implementation-of-recurrent-network-for-emotion-recognition-of-twitter-data/269735
http://www.irma-international.org/article/got-situation-would-appreciate-your/75779
http://www.irma-international.org/chapter/social-media-metrics-in-an-academic-setup/166446
http://www.irma-international.org/article/understanding-users-continuance-facebook/61431
http://www.irma-international.org/chapter/social-networking/123285
http://www.irma-international.org/article/way-goal-interview-maqui-indymedia/38971

