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ABSTRACT

Apre-analysisisalwaysimportantforcrucialdecisionmakinginmanyeventswherereviews,feedback,
andcommentspostedbydifferent stakeholdersplayan important role.Summariesgeneratedby
humansaremostlybasedonabstractivesummarization.Itsometimeschangesthemeaningofthe
text.Thispaperproposesacustomizedextractivesummarizationapproachtogenerateasummary
oflargetextextractedfromsocialmediaviz.Twitter,YouTubereview,feedback,comments,etc.
foramovie.TheproposedapproachwherePageRankwithk-meansclusteringwasusedtoselect
representativesentencesfromalargenumberofreviewsandfeedback.Clusterheadswereselected
basedonthecustomizationofPageRank.Theproposedapproachshowsimprovedresultsoverthe
graph-basedTextRankapproachwithandwithoutsynonyms.Itcanbeappliedtopredicttrendsfor
itemsotherthanmoviesthroughthesocialmediaplatform.
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1. INTRodUCTIoN

Textsummarizationplaysasignificantroleininformationretrievalanddataprocessingsystems.
AccordingtoForbes,anaverageof2.5Quintillionbytesofdataareproducedeverydayand90%
ofthesedatagrowthhasbeenseeninthelasttwoyears(Dalwadi,2017).Itbecomesnecessaryto
storethisdatainastructuredformatandanalyzeforbusinessneeds.ThemethodslikePageRankof
informationretrievalbasedongraphdatastructurecanbeusedfortextsummarization(ShamsB.,
2018).Itisalwaysachallengeforthedatasciencecommunitytoanalyze,evaluateandfindactionable
insightsfromalargedataset.Handlingsuchhugedataandextractingthemeaningfromitinashort
timesuchthatitgivesmaximumcrustisachallengingjob.Theextractivetextsummarizationcanbe
usedtoanalyzeunstructureddataextractedfromsocialmediasites,reviewsandfeedbacksystems.
Itappliesmethodslikestemming,lemmatization,andfeatureextractionthroughTokenizationand
Vectorization(SinghJ.,2018.Machinelearningtechniquesbasedontextsummarizationmethods
arediscussedin(AllahyariM.,Dalwadi,B.,2017).

Apre-analysisisalwayscrucialforthedecisionsonareleasedate,advertisingstrategy,promotion
techniques.Asper(SinghJ.,2018)promotionalstrategyofmoviesisbasedonhowthepublicis
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reactingontrailerlaunches.Twitteralsoprovidesauniversalplatformtoeveryoneforsharingtheir
thoughtsintheformoftweets.Twitterhandlersprovidetweetsrelatedtoaparticularkeywordof
amovielikeatitle,actor,director,etc.Asper(Fang,C.,2017),eachcommentandtweetcanbe
consideredasasentence.andvarioussentencescoringalgorithmsappliedfortextsummarizationto
identifyrepresentativesentences.Here,analgorithmsuchasCoRankandCoRank+canbeusedfor
word-sentencescoringtechniques.Also,thereareseveralalgorithmspresentandithasbeenseen
thattheyshowdifferentbehavioronthevariousdataset(Ferreira,R.,2013,Gupta,D.P.N.,2012,
Singh,D.P.,2013).MovieRSshowsinFigure1extractdatafromdifferentwebsiteslikeNetflix,
YouTube,sceneunseen,etc.Thesetextsarepostedbydifferentusersthroughvariouswebandmobile
applications.Clickstreamsforwatchingdifferentmovietrailersandadvertisementsalsobecomea
crucialdatasourceforRS(Xu,Y.,Zhang,F.,2019).

1.1. Background
Manyonlinemoviestreamingsitesusages,RecommendationSystem(RS)torecommendmovies
totheirpotentialusers.Asper(Wei,S.,Zheng,X.,2016)inRStheprimeproblemistodealwith
acoldstartsincenotalltheusersarereadytoreviewandratethecontenttheywatch.DaCostaet 
al. (daCosta,A.F.,2019)presentsRSlikeEcoRec,ahybridapproachoftwoormorealgorithms
thattakesasingleinputdataset,combinestheoutputofbothintoasingleensemble.RSanalyses
theemotiveresponseandsocialmediatrendsofthemovieinthecrowdtomakemajordecisionsfor

Figure 1. Architecture of recommender systems
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