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ABSTRACT

Socialmediadata(SMD)isdrivenbystatisticalandanalyticaltechnologiestoobtaininformationfor
variousdecisions.SMDisvastandevolutionaryinnaturewhichmakestraditionaldatawarehousesill
suited.Theresearchaimstoproposeandimplementnovelframeworkthatanalyzetweetsdatafrom
onlinesocialnetworkingsite(OSN;i.e.,Twitter).TheauthorsfetchstreamingtweetsfromTwitter
APIusingApacheFlumetodetectclustersofusershavingsimilarsentiment.Proposedapproach
utilizesscalableandfaulttolerantsystem(i.e.,Hadoop)thattypicallyharnessHDFSfordatastorage
andmap-reduceparadigmfordataprocessing.ApacheHiveisusedtoworkontopofHadoopfor
querying data. The experiments are performed to test the scalability of proposed framework by
examiningvarious sizesofdata.Theauthors’goal is tohandlebig socialdataeffectivelyusing
cost-effectivetoolsforfetchingaswellasqueryingunstructureddataandalgorithmsforanalysing
scalable,uninterrupteddatastreamswithfinitememoryandresources.

KeyWoRDS
Big Data, Big Social Data, Sentiment Analysis, Stream Mining

INTRoDUCTIoN

In recent scenario themodern socialmedia,mobileorweb strategy involved in communication
hasbeentechnologyconcentricthatmakesdatatogrowrapidly,ultimatelycreateslargenoisyand
unstructureddata.Thisgavesuddenrise(Felt,2016)toconceptofBigdata.(Kitchin,2014)describe
Bigdataby3V’s:largevolume,uninterruptablevelocity,differentdatastructureasvarietywhich
canbeextensiveinopportunity,interactiveinnature,andspringyinquality.Manytheoriesinsocial
sciencelikecorrelationhasbeenproventobepertinenttosocialmedia.Aspersocialcorrelation
theory (Tang, Tan, & Liu, 2014), contiguous users in a social media have similar behaviors or
attributes.Thesephenomenaclarifyuser’sinclinationtoconnectorfollowwithothershavingcertain
similarityorsharingthesamesurroundings.Thequantityofinformationavailableforharnessingin
socialmediaismassiveandgrowingeverysecond.Increasingvolumesofdata(Tangetal.,2014),has
beenamajorchallengeforthedataorientedcompanieslikeGoogle,Yahoo,LinkedIn,Twitter,and
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Facebookforwhichdifferentsolutionsareproposedandimplemented.Managingthevoluminousand
evolutionaryreal-worlddatademandsthescalabledatamanagementsystem.Emergingdistributed
storagesystemlikeHadoop,NoSQLandCloudbasedinfrastructureaidstoreducethecostfordata
storage.Researchersandpractitioners(Beyer&Laney,2012;Chen&Zhang,2014;Wang,Kung,&
Byrd,2018)workdedicatedtosuchhugevolumeofdatashowsconstantgrowinginterest.Similarly
OpensourcesoftwarecommunitieslikeApachecomeswithopinionthatduetomassiveincrease
insizeofdatasetithasbeenquietdifficulttoacquire,storeandanalysedsuchlargevolumeofdata.

Socialmedia(Zafarani,Abbasi,&Liu,2014)isindeedawaytocommunicatevirtually,interms
ofopinionsandsentimentsofpeoplethatcanbeusedbybusinessesandgovernmentsorganisations
to act accordingly. The process of collecting, integrating, storing and processing of Big social
mediadatatogaininformationishighlytedioustaskwhichyettobesolvedfully.Inaddition,such
dataneedspre-processingasitcontainsoutliersandnoisydata.Similarly,post,opinionsorreplies
(Tang,Tan,&Liu,2009)fromvarioususeronsameordifferenttopicshavesentimentsattachedto
it.Twitterisamicrobloggingsiteswhichbecomeoneofthemainplatformsforcapturingdatatodo
furtheranalysis.Theseanalysiscanbeusefulforfindingoutpolarityintermsofpositiveornegative
(Tangetal.,2009),detectingtrends(Alsaedi,Burnap,&Rana,2017;Lambrecht,Tucker,&Wiertz,
2018),communitydetections(Wenetal.,2017),recommendationofproductandservices(Abbas,
Zhang,&Khan,2015).Thispapermainlyfocusesonstreamdatamanagementanddataanalyticsfor
findingsimilarityandsentimentanalysisofuserusingtweetsfromTwitterdata.Also,investigates
andimplementvariousimminenttechnologiesforacquiring,storingandanalysingBigsocialmedia
data.Thecontributionsofproposedworkarehighlightedbelow:

• Configuredahighlyreliablesystemi.e.Hadooptostoreverylargefilesindistributedenvironment.
ToingestdataasstreamweconfigureApacheFlumetofetchTwitterdata;

• TostoreTwitterdatainstructureformat,weneedtopre-processbystoringdatainHivetables.
OnHivetableweimplementaprocesstocalculatesentimentsoftweetsusingHiveQLbased
onAFFINEDictionary;

• Proposedarchitectureforextractinginformationfromlargenumberoftweetstoclustersimilar
user.ForcalculatingSimilaritybetweenTweets,wedesignedaMapReduceprocessforefficiency
andfault-tolerancewhichusestextminingapproachsuchasTF-IDFandcosinesimilaritymeasure
tocalculatevaluesforsimilartweetsandusers;

• Finally,resultsgeneratesoutputclustersbasedonsentimentsandsimilarityscore.

ReLATeD WoRK

Thefastgrowthofsocialmedianetworks(Tangetal.,2009)permitvarioususerstorelate,which
helpstoformagroupofpeoplewhoareeagertointeract,share,andcollaborateusingsocialmedia
platforms.Analysingsocialmediaisatedioustaskandtheexistingapproachesaswellasmethods
needstoadaptandintegratethemtoemergingBigdatamodels(Chen&Zhang,2014)forenormous
storageaswellasprocessing.VariousparadigmlikeApacheHadoopandSparkcomesintoexistence
thatmakespossibletohavescalableanddistributedapplicationofMLalgorithmsindiversefields.
TheseBigdataparadigmsconsistofnumerousinbuiltlibrariestoimproveperformanceofexisting
techniquesandalgorithms(Beyer&Laney,2012;Chen&Zhang,2014).

Social Media Mining
Socialmediamininghasbeendividedintothreecategories[Figure1],i.e.userbased,linkbased
andcontentbased(Etter,Colleoni,Illia,Meggiorin,&D’Eugenio,2018;Dridi&Recupero,2017).

Userbasedtechniquesexplorebehaviourmodellingandbuildfeaturepatternsfromparticular
socialusernames, idiomandlinguistics.This informationcanbe leverageforuserclassification,
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