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ABSTRACT

Alargevolumeofuser-generateddataisevolvingonaday-to-daybasis,especiallyonsocialmedia
platformslikeTwitter,wherepeopleexpresstheiropinionsandemotionsregardingcertainindividuals
orentities.Thisuser-generatedcontentbecomesverydifficult toanalyzemanuallyandtherefore
requiresaneedforanintelligentautomatedsystemwhichminestheopinionsandorganizesthem
usingpolaritymetrics,representingtheprocessofsentimentanalysis.Themotiveofthisreviewisto
studytheconceptofsentimentanalysisanddiscussthecomparativeanalysisofitstechniquesalong
withthechallengesinthisfieldtobeconsideredforfutureenhancement.
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INTRoDUCTIoN

Theopinionsandthoughtsofpeopleespeciallyonsocialnetworkingplatformshaveamajorinfluence
onourdailydecisionmaking.Thisdecisionmakingincludesbuyingaproduct,makinginvestments,
choosingaschool,etc.,allthesedecisionsaffectourdailylife.Peopleusuallyseekopinionsfrom
reviewsites,e-commercesitesandsocialmedialikeTwitter,togetfeedbackoncertainproductor
service.Similarly,organizationsuseopinionpolls,questionnaires,surveys,andsocialmediaasa
mediumtogetfeedbackontheirproductsandservices(Katrekar, 2005).

However,toanalyzeandsummarizetheopinionsfromthehugeamountsofdatagatheredfrom
thesocialnetworkingsites,theprocesscalledsentimentanalysisisrequired.Sentimentanalysisisthe
computationalstudyofminingtheattitudes,opinions,andemotionsofpeoplefromthenetworkingsites
throughNaturalLanguageProcessing.Thesesummarizedopinionsarethendividedintocategorieslike
“positive”,“negative”and“neutral”(Vohra&Teraiya,2013).Riyadh(2017)implementedemotion
detection using Naïve Bayes classifier for classification of emotions with unigram and unigram
plusPOStaggingforfeatureextractioninordertoimprovetheresults.Sentimentanalysiscanbe
classifiedintothreelevelsnamely:documentlevel,sentencelevel,andaspectlevel.Indocument
level,thecompletedocumentisconsideredasasourceofinformationandthenconcludedaseither
positiveornegative(Medhat,Walaa,Hassan,&Korashy,2014).Insentencelevel,firstlyasentence
iscategorizedasasubjectivesentenceorobjectivesentence.Objectivesentencescontainnoopinions
orjudgmentsastheyarecompletelybasedonfacts.Whereas,subjectivesentencesinvolveopinions
andthereforeplayaroleindecidingpolarityofthesentencesandthesepolaritiesarefurthersummed
uptoderivethefinalconclusion.Inaspectlevel, theentitiesareidentifiedandtheirfeaturesare
extractedholdingdifferentopinionsandsentiments.Forexample,Batterylifeisverylonglasting.
Here,“Battery”(noun)isthefeatureoftheproductand“verylonglasting”(adjective)istheopinion
word(Kolkur,Seema,Dantal,&Mahe,2015).
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MeTHoDoLoGy FoR SeNTIMeNT ANALySIS

1. DataCollection:Firstandforemost,theuser-generateddataiscollectedfromsocialnetworking
sites,forums,andbloggingsites.Twitterisoneofthemostfrequentlyuseddatasourcesandthe
lengthoftextintwitterismaximum140characterslong.Thesedataareunstructured,expressed
indifferentwaysbyusingthedifferentcontextofwritingalongwithslangs,acronyms,etc.,due
towhichthemanualanalysisoftextbecomesreallycomplex.

2. DataPreprocessing:Datapreprocessingisnothingbutcleaningandfilteringouttheunstructured
databeforeanalysis.Inthis,identificationandeliminationofnon-textualcontentandthecontent
thatisirrelevantwithrespecttothefollowingareaofstudyoccurs.Cleaningofdatainvolves
removalofURL’s,removalofpunctuations,caseconversionandstemming.

3. FeatureSelection:Severalfindingsinfeatureselectionspecifictosentimentanalysisare:
◦ Termpresenceandfrequency:Termpresenceisbasedindividualwordorn-gramsandTerm

frequencyisthenumberofrepeatedoccurrencesoftheterminthetext.
◦ PartsOfSpeech(POS):Thesefeaturesareselectedtokeepcountofthenumberofverbs,

adverbs,andnouns,etc.,inthesentenceordocument.
◦ OpinionwordsandPhrase:Theseincludewordsandphraseswhichdepictopinionssuchas

‘goodorbad,’‘likeorhate,’etc.
◦ Negation:Theuseofnegationwordinthetextcanreversethewholepolarityandmeaning

ofopinion.Forexample:“notgood”isthesameas“bad.”
4. SentimentClassificationAlgorithm

Atthisstage,aparticularsentimentanalysismethodologyisappliedasperneedanddistributedlevels
ofpolarityareobtainedwhichareaddedupandthetotalscoreisachievedandaveraged(https://
www.edureka.co/blog/sentiment-analysis-methodology/).

5. ExperimentalResults

Therefore,aftertheconversionoftheunstructuredtextintousefulinformation,thefinalresults
aredisplayed(Figure1).

SeNTIMeNT CLASSIFICATIoN TeCHNIQUeS

ThethreemostcommonlyusedsentimentclassificationtechniquesrepresentedbyFigure2aremachine
learning,lexicon-based,andhybridapproachwhicharefurthersubdividedintodifferenttypes.

1. MachineLearning:This technique isused in trainingamachineonhow to learn fromdata
and produce output without being explicitly programmed. It includes both supervised and
unsupervisedmethods.Thesupervisedapproachisusedwhenthereisafinitecollectionofclasses
thatrequirethelabeleddatatotraintheclassifiersandthetestdatatoexaminetheperformance
(Jain,Anuja,&Dandannavar,2016).Theunsupervisedlearningapproachisusedwhenit is
difficulttogetthelabeleddata.

a. ProbabilisticClassifier:Itisagenerativeandmixturemodelinwhicheachclassactasa
componentandthenthesamplingprobabilityforthecomponentisderived.Theseclassifiers
arefurthercategorizedintothreetypes:
i. NaïveBayesClassifier:Thisclassifieristhesimplestandmostfrequentlyusedsupervised

classificationtechniques.ThisprobabilisticclassifierisbasedontheBay’sTheorem
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