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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.
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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

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonApril1,2020willproceedwithpublicationasanOpenAccessarticle
startingonJanuary28,2021inthegoldOpenAccessjournal,InternationalJournalofWeb-BasedLearningandTeachingTechnologies
(convertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense
(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedthe

authoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.



International Journal of Web-Based Learning and Teaching Technologies
Volume 15 • Issue 2 • April-June 2020

35

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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spammersandmanymore.Relationbasedstructuralanalysisperformslinkageanalysisbyexploiting
structurefeaturesinsocialcircles.Thislinkagedatacanuseforfindingnodecentrality(Peng,Wang,&
Xie,2017),socialties,linkprediction(Bliss,Frank,Danforth,&Dodds,2014),communitydetection
(Liu2012;Sapountzi&Psannis,2016).Theunstructuredheterogeneouscontentsbindtothenodes
andedgesofasocialnetworkhavecompellingimportanceinfindingpatternsandinformationin
Bigsocialnetwork(Bello-Orgaz,Jung,&Camacho,2016).

Content-based techniques (Bello-Orgaz et al., 2016) fits in environment of Big social data
analytics, as data is vast and unstructured. Sentiment Analysis using various contents such as
tweets,postetc.becomesoneofmostresearchareainsocialmediaminingthatenablesustofind
outpolarityaboutsentences,documentsandaspectofparticularsentenceordocumentintermsof
negativeorpositive.Sentimentanalysis(Liu,2012)canbecategorizedintofirststatisticalbasedin
whichmachinelearningtechniquescanbeusedtogivebroadviewofanydocumentorsentencefor
predictionorrecommendation.Secondislexiconbasedmainlyfocusingonabstractviewandcan
usedictionariesoranyavailableannotationforfindingpolarityandfinalmethodishybridbased
onthesetwomethods.Similarly,lotsofresearchhasbeendoneontextsimilaritytechniques(Sun,
Ma.&Wang,2015;Yu,Li,Deng,&Feng,2016)whichshowsithasvitalroleinthefieldssuchas
summarization,textmining,informationretrieval,spammaildetectionetc.Textsimilaritytechniques
basicallydividedintotwocategorieswhichareLexicalsimilarityandSemanticsimilarity.Lexical
method(Pradhan,Gyanchandani,&Wadhvani,2015)mostlyusedvariousstringbasedalgorithm
[Figure2].Stringbasedsimilaritymethodsperformsdifferentoperationsbasedoncharacterstructure
andmannerinstringcomesinsequence.

AmongmanyrecentcontributionsinsocialBigdata(Jansen,Zhang,Sobel,&Chowdury,2009)
explainedandcompareddifferentclassificationandmanualcodingtechniquesapproachonusers
brandsentimentsusingTwitterdataandtheyfoundoutthatsocialnetworkingsiteslikeTwitterisa
platformwhereusercancommunicatewithvariouscommercialbusinesses.(Trattner&Kappe,2013)
suggestedopinionsandsentimentscanbeusefulforpurchasingonlineproductsastheyperformed
severalexperimentsonFacebookstreamBigdata.(Ma,Yang,Lyu,&,2008)performedsentiment
analysisusingthreedifferentmodelsbasedonheatdiffusionprocessandcomesupwithopinionthat
samecanbeappliedtoBigsocialnetworkdataanalyticsalsoinscalablemanner.Socialmediadata

Figure 1. Various techniques for social media mining
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(Chen,Hsu,&Lee,2013;Bohlouli,Dalter,Dornhofer,Zenkert,&Fathi,2015;He,Wu,Yan,Akula,
&Shen,2015)canimprovethequalityofnewproductsbasedoncustomeropinionsorreviews.

PRoPoSeD APPRoACH

OurgoalistoanalyseTwitterstreamdatatofindouthighlyrelatedTweetsandsimilaruserstodetect
community,patternsandbehaviouramongdifferentusers.Toachievedesiredresults,anarchitecture
toextractinformationfromsocialBigdatahasbeenproposedandimplemented[Figure3].Firstly,
ApacheFlumeanopensourceframeworkisusedingesttweetasstreamfromTweeterAPIrandomly
usingspecifiedkeywordortopic.Next,weintegratedApacheFlumeandHadoopdistributedstorage
platform(HadoopHDFS)forstoringingestedunstructuredstreamtweetdatatoachievescalability.
SentimentsofTweetsarecalculatedusingHivebasedonAFINEdictionarywhichcontainscollections
ofwordshavingsentimentscoreattachedinbetween-5to+5.Similarly,formeasuringsimilarity,
storeddatahasbeenprocessusingMapreduceforefficiencyandfault-tolerance.Finally,resultsgives
agroupofhighlyrelatedTweetsandsimilarusers.

Similarity Measures Model
Tweetsarenormally textualdata inJSONformat.Textdatahasbeenusedforfindingsimilarity
betweenthetweets.So,existingtextsimilaritytechniquescanbeusefultoextractsimilarsentences
andwordforfurtheranalysis.

Toextractsimilartweetsthereisneedtounderstandthelinguisticsofusers.Duetolack
ofpropergrammarintweetswefocusedmainlyonkeywordsextractionwhichisanimportant
technique in information retrieval. There are variety of challenging task for NLP in finding
keywordsand toextract summaryof tweets likeNRE(NameEntityRecognition), stemming

Figure 2. Various string based similarity techniques
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negationhanding(Cambria,Schuller,Xia,&Havasi,2013).However,miningofsentimentonly
limitedtorecognisepositiveornegativesignificanceofthedocumentorsentences(Benedetti,
Beneventano & Bergamaschi, 2016). To overcome this challenge we pre-process data using
followingcriteria:

• Transformation:ThisprocessconvertsrawtweetswhichareinJSONformatintosemi-structure
formatusingApacheHive;

• Filtration: Eliminating irrelevant words from tweets such as common Adverb, Pronouns,
Conjunction,Prepositions,Non-informativeweconsidertheremaininghighlyrelevantwords
forfurtherprocess.Allirrelevantwordsarestoredinonedictionary(stopwordlist).Proposed
frameworkevaluatesthedataofincomingtweetswithdictionaryandremovesirrelevantword
whicharesame;

• Stemming:Afterremovingirrelevantwordsnextweperformstemmingprocessthatdiscards
prefixesorsuffixesofthewordsandconstructalexiconforspeedystemmingprocess.Thenext
processistocalculatetheoccurrenceofeachwordineverytweetstogiveweightstoeachkeyword.

Tosummarize tweetsusing fewkeywordsweselectedTF/IDF techniquewhichchooses the
mostfrequentlyoccurringterms(tf).Thechallengeliesgivingweightagetoindividualwordsasthe
mostofrecurrentwordoccurquietfrequentlyinallsentencesordocuments,isoflittleuse.Hence,
ametric(inversedocumentfrequencyoridf)isneededtoextractuniquenessofeachwordi.e.how
intermittentlythewordcomesinalldocuments.Therefore,themultiplicationoftf*idfofindividual
wordgivestheweightagetothisword.Wordswithabettertf-idfscorecomesrecurrentlyandgives
theusefulstatisticsandinformationaboutindividualtweets.

Figure 3. Proposed architecture for finding sentiment and similarity from Twitter data
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• Word count:Inthisprocessfindingwordswhichhavesomemeaningandindicateinformation
aboutopinionsentences.Mostlytheseopinionwordsareadjectivesbutfindingoutsuchword
thereisneedofunderstandingnumberofcountofwordinsentences.

Algorithm1:WordCount(Tocounttheexistenceofindividualterm t( ) ineachTweet)
Let: Term- (t), TweetId- Tid, MP- Mapper, Rd- Reducer, Sum- S, 
Cosine Similarity - CS 
1: class MP
2:  procedure Map Tweet( )
3:  for    each t Tweet( )∈
4:   mark t Tid� ,� ,�( )( )( )1
5: class Rd

6:  procedure Reduce � ��,� ��,� � �,� �,� �,� ��)t Tid K n( )( ) …



1 1

7:  A� �=0
8:  for      eachn Kdo∈
9:  S S� � �= +1

10 : , ,return t Tid K( )( )( )
Termfrequency:Inthisprocesstofindoutfrequencyofwordinwholetweetsiscalculatedof

opinionwords.

Algorithm2:TermFrequency(Totalcount C( ) of t( ) foreveryTweetiscalculated)
1: class Mp

2:  procedure Map termTid C� ,� ,�( )( )
3:  for � � � � ,�each item t Tid∈ ( )( )
4 : , ,write Tid t C( )( )( )
5: class Rd

6:  procedureReduce Tid t C� � ,� ,�( )( )( )
7:  K � � �=0

8 : ,foreachtuple t C do∈ ( )( )
9 : K K C= +

10 : , , ,           return Tid N t C( ) ( )( )( )

Algorithm3:Tf Idf− (Tf Idf− forevery t( ) inaTweetiscalculated)
1: class Mp

2:  procedure Map Tid K t C� ,� ,� ,�( ) ( )( )( )
3:  for every item ∈ ((t), C)
4:  mark ((t), (Tid, o, N)) 

tf idf
n

K

Nt

d Nt t d
− =

{ } :
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Where Nt  is total Tweets in dataset and d Nt t d∈ ∈{ }:  number of 

Tweet where t t−( ) appears.
5: class Rd

6:  procedure Reduce t Tid C K� ,� ,� ,�( ) ( )( )
7:  n � �=0
8:  for � � � � ,� , �each item Tid C K do∈( )
9:   n n� � � �= +1
10 : /           tf C K=

11 1: /idf log T n= +( )( )
12 : , ,return Tid t tf idf( ) ×( )( )

TheoutputsummarizedtweetsarefurtherattachedtheirSentimentsvalueusingAFINNdictionary
In the4thstagepairwiseprobablecorrelationof twoTweetsaregivenandcosinevalue for

individualiscalculated.Consider k Tweetsinthedataset,acorrespondencesimilaritymatrixof
givensetiscreatedas:

k k

k2 2 2












=

−( )
!

! !


Thecosineanglebetween two tweetsor setof tweets arecomputedwhichgives thecosine
similaritybetweentwotweetsorsetoftweets.Thismeasureevaluatesofpositioningandnotmagnitude.

Algorithm4:TocomputeCS

1: class Mp
2:  procedure Map Tweets ( )
3:  k lengthof tweet    =
4 0:                      for i tok=
5 1: for j i tok= +

6 : . , . ,             fetch Tweets i id Tweets j id







( ) �� . ,� .Tweets i tfidf Tweets j tfidf








( )( )

7: class Rd

8:  procedure Reduce Tid Tid TweetX tfidf TweetY tfidf
X Y

� ,� ,� . ,� . ��( ) ( )( )
9 : .X TweetX tfidf=
10 : .Y TweetY tfidf=

11:  Cosine S X Y sum X sqrt sum Y= ×( ) ( )( )× ( )( )� � ��( � � � � � �2 2 )

12:  return Tid X Tid Y cosine_ , _ ,( )( )

WeneedtofindouthighlyrelatedTweets,toachievethisgoalstepsarelistedasfollows:

• WecountedSentimentsofTweetsusingAFINNdictionary;
• AlsocalculatedSimilarityofTweetsbyCosinesimilarity;
• ThenwewillapplythegivenalgorithmtofindouthighlyrelatedTweets.
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Algorithm5:Most_relatedTweets

1: read sentiment.txt file
2: read similarity.txt file
3: store sentiment file up to Null in Hash map as
tempStr str split t� � . "\ "= ( )
if tempStr length� . � �==( )2
sentimentMap put Long parseLong tempStr tempStr. . ,0 1



( ) 



( )

4: store similarity file up to Null in Hash map also as
tempStr str split� � . ("�",�= 2)

if tempStr length�( . ()�! � )1 0


 =

svm MapOne put Long parseLong tempStr tempStr4 0 1. . ,


( ) 



( )

5: for � � � � �i toN insvmMapOne= 0

for � � � �:� . (). "loopuntilStringstrTmp firstEntry getValue split ��"( )
rightIDList add strTmp substring. . ,0 18( )( )
������������������������ . .rightSimValList add strTmp substringg 19( )( )
Stringtmp sentimentvalueofTweet ID       =
Stringtmp sentimentvalueofTweet ID� � � � � � �1=
prevDiff Math abs tmp tmp� � . �–�= ( )1
for � � � � � � � � � ’ � � �loopuntilall IDtorightsideof ID stosimilarity ffile
Stringtmp sentimentvalueofTweet ID       =
Stringtmp sentimentvalueofTweet ID� � � � � � �1=
currDiff Math abs tmp tmp� � . �–�= ( )1
if      prevDiff isequal tocurrDiff
thenwriteIDand itscorrespondingsimilarity value       
6 5:repeatstep forotherTweet IDs
7 : .end

Similarity and sentiment may possibly be measured as classification techniques for textual
data,especiallywhendealingwithsocialmediadatahavingpostandtweetsetc.Buttheirfunctions
aredistinct.Sincesentimentanalysisgoalistocategorizeintoopinionsforexample‘positive’and
‘negative’. While a similarity measure classifies sentences or documents based on their similar
featuresvectors.Incaseoftextualdataitmaybekeywordsorwholedocument.Thiswouldgive
broaderviewaboutwhatthepostortweetsareabout,notonlypositiveornegative.Inourapproach
wecombinedbothsimilarityaswellassentimenttechniquestogaininsightofusertweetssothat
theycanclusterbetter.

IMPLeMeNTATIoN MeTHoDoLoGy

Inour implementation forcollecting tweetdata,APIprovidedbyTwitterhasbeenused. In that
keywordrelatedtoanytopicisgivenasinputtofetchrelevanttweets.Forexampleinourmethodwe
used“Tobacco”askeyword.Wecollectedthreedatasetsasastreamtweetofsize560MB,1GBand
1.5GB.WeusedApacheFlumefordataingestion.Tostoreandprocessdataindistributedmanner
wecreatedHadoopclusterof5machineswhere4machinesareslavesnodesand1ismasternode.
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ApacheHiveusedtoanalyzeSentimentofTweetsusingAFINNdictionaryandtogetSimilarity
betweenTweetsweimplementedjavaprograminMapreduceprogrammingmodel.

Apache Flume
ApacheFlume isconfigured to ingest streamTweetdata in thatweconfigure theTwitterasa
source,1%FirehoseMemorychannel. In addition,HDFSsink is configured in conf folderof
ApacheFlume.TofetchdatafromtheTwitterAPItheauthenticationintheformofkeysisneeded
suchasConsumerkeyetc.

Apache Hive
ApacheHiveisusedtoprocessdatatostoreintables.AtfirststagewedesignedanAvroschema
fileasTwitterAvroSchema.avsctoparseJasonfileofTweetdata.ThenthisfileisloadTweetdatain
internaltabletofurtherutilizationoftablewhereFlume’sdataisloaded.Toretrieveandtoanalyze
TweetdataHiveExternalTablesarecreated.

Hadoop
ThefundamentalconsiderationforstoringandprocessingdatausingHadoop(HDFSandMapReduce)
ismotivatedbybothcontinuouslyincreasingsizabledataandexpenseofcomputationalhardware.
ThemaintaskofHadoopistocontrolthecommoditymachinesforoutsizedscaleofstoringaswell
ascomputationalcapabilitytohandleload,alternativelyachievablebyseveralcostlyworkstation
computers.ThebenefittoimplementourapproachonHadoopplatformisthat“Hadoopisnocost
andopensource”platform.HDFSismainlyusedasadistributedstorageandMapreducenormally
forparallelprocessingtask.FullfunctionalityofHadoopcanbefindoutonwww.hadoop.apache.org.

Performance Result and Analysis
Thissectionprovidestheanalysisofsentimentvalueandsimilaritymeasuresusingcosinesimilarity
metrics.TwitterAPIisusedforstreamTweetingestionfromTwittersiteusingApacheFlumewhich
isstoredinHDFSfile.WecalculatedandcombinedSentimentsofTweetsonHivetabledatausing
adictionarycalledAFINNhavingof2500uniquetermsgradedfrom+5to-5dependingontheir
sentimentsandsimilarityvaluewiththreshold0.75usingproposedmethodtofindsimilartweetsand
users,someofobservingexamples[Table1andTable2].Wealsotestedourapproachincentralizes
aswelldistributeenvironmenti.e.Hadoop.

Theproposedapproachconsistsofmanystagesbeginningfromdataingestion,storage,tofind
sentimentvalueforeachindividualtweetandtogetsimilarusers,tweetsusingcosinesimilarity.
EverystageusedindividualexecutiontimeandprogrammingmodellikeHiveSQLforSentiment
valuecalculationandMapReduceforsimilaritymeasures.Weconsidertimecomplexityforsimilarity
measureandplotrelationshipsbetweensizeofdatawithrespecttotimetakentofindoutusersand

Table 1. Examples for Tweets with its sentiments value

Sr. No Id Tweets

1. 737614966610481154 ItsaamazingdaytoquitsmokingandtellothersaswellWorldNoTobaccoDay
HelpHimChooseLifenicotexin(sentimentvalue=4.0)

2. 73760866612414464 Tobaccocompanieskilltheirbestcustomers(sentimentvalue=2)

3. 737615165605040128 WorldNoTobaccoDayItshouldbeworldnotobaccoyearWhydopeoplepayto
getkilled(sentimentvalue=-1.6)

4. 737591336124088320 2010usedtosmokenearly30ciggsadaycouldntrunforshit(sentiment
value=-4.0)
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tweetsusingcosinesimilarityforparticulartweetid.Wecomparetwosystemi.e.centralizedsingle
machineandHadoopdistributedsystemclusterconsistof5commoditymachines.Ifthesizeofdata
increasesfrom560MBto1.5GBtimetakenbysinglemachinecentralizedsystemincreasedrastically.
Hadoopdistributedsystemoutperformsdistributedenvironmentcentralizedsinglemachineinterms
ofexecutiontime[Figure4].

CoNCLUSIoN AND FUTURe WoRK

Bigdatarequiresnoveltechniques,algorithmstoproficientlyextracthugeandunstructureddatain
realtime.Bigdatatechniquesaredeterminedbyparticularapplications.Socialmediaexpansionand
rangehavegreatlyaffectedthewayofcommunicationandknowledgeinterpretation.Inourapproach,
focusedisonsocialnetworkdataintheformoftweetsfromTwitterdata.Anovelarchitecturehas
beenproposed and implemented foruser clusteringbasedon streamdatausing sentimentvalue
andsimilaritymeasures.Thismethodcanbeusedformanyapplicationslikecommunitydetection,
behavioursimilaritydetectionsandgrouprecommendation.Infuture,weareplanningtocompareour
approachwithothersimilarapproachesforminingTwitterdata.Inaddition,testproposedapproachon
real-timesystemslikeApacheSparkandApacheStormasitmainlyprocessesdatausingin-memory
anddistributedcomputingtechnologies.

Figure 4. Time comparison of centralized vs. Distributed environment in terms of seconds to calculate similar tweets

Table 2. Sample of Tweet ID with similar Tweet ID and cosine similarity

Tweet ID(Sentiment) Similar Tweet IDs: Cosine Similar Value(Sentiment)

737614966610481154(4.0) 737608180339867651:0.93529628863057(3.0)737602960406908932:0.937114
4658433982(3.0)737613674639020032:0.9644933285995672(4.0)

737602189149900800(2.3)

737598497071857665:0.752314667448317(2.5)737598662239358976:0.73388
62272944054(2.5)737598552281481216:0.7143935599578113(2.5)73759859
4417496067:0.7238446092620383(2.5)737601548449021954:0.703472027478
3445(2.5)
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