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ABSTRACT

Annotationsarecritical invarious textmining taskssuchasopinionmining,sentimentanalysis,
wordsensedisambiguation.Supervisedlearningalgorithmsstartwiththetrainingoftheclassifier
andrequiremanuallyannotateddatasets.However,manualannotationsareoftensubjective,biased,
onerous,andburdensometodevelop;therefore,thereisaneedforautomaticannotation.Automatic
annotatorsautomaticallyannotatethedataforcreatingthetrainingsetforthesupervisedclassifier,but
lacksubjectivityandignoresemanticsofunderlyingtextualstructures.Theobjectiveofthisresearch
istodevelopscalableandsemanticallyrichautomaticannotationsystemwhileincorporatingdomain
dependentcharacteristicsoftheannotationprocess.Theauthorsdevisedanenhancedbootstrapping
algorithmfortheautomaticannotationofTweetsandemployeddistributionalsemanticmodels(LSA
andWord2Vec)toaugmentthenovelBootstrappingalgorithmandtestedtheproposedalgorithmon
the12,000crowd-sourcedannotatedTweetsandachieveda68.56%accuracywhichishigherthan
thebaselineaccuracy.
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INTRodUCTIoN

Twitterisleadingmicroblogserviceusedbyover974millionuserswith500milliontweets/day,thus
isplayinganactiveroleinthenewformofmedia.Twitterpostsarecalledtweetsandarelimited
to280characters.Usersalsouploadphotosandshortvideosforbroadcastingtheirexperienceand
feelingsaboutdailylife(McFedries,2007).Twitterisactingasanessentialcommunicationchannel
forgovernmentsandheadsofstatetohighlighttheirgovernanceinitiativesandinteractwiththeir
citizensdirectly.Theevolutionof Internetandmobilebasedcommunications, led to increase in
socialinteractionamongmultipleusers(“socialnetworkingsites”),andthushugedata(“BigData”)
isequippeddepictingthepublicattitudeandacknowlegmentsrelatedtodifferenteventslikeworld
events,consumerproductevents,politicalandmoviesevents(Salton,1991).AccordingtotheTwitter
blog,recently,somethingremarkablehappenedonTwitter:#NuggsForCarterwasthemostretweeted
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tweetoftheyear2017.Ahighscholar’scallforfreenuggetstoWendysbecamethehighestretweeted
tweetofalltimewith3.24millionretweets1.Ingeneral,Twitterusersnowshareexcessivetweets
nearabout500milliontweetsperdaythatisabout5,700Tweetspersecond,accordingtomeanbased
mentionedonalaterreportinTwitterblog2.ThisshowstheconsiderablepopularityTwitterisgaining
andtheroleit’splayinginchangingpeople’slives.PeopleuseTwitterforvariousreasons.(Java,
Song,Finin,&Tseng,2007)intheirstudycategorizeuserintentionsas:(1)sourceofinformation;
(2)beingsocial;and(3)retrievinginformation.(Hakak,Mohd,Kirmani,&Mohd,2017)havegiven
anexcellentsummaryofthestateofworkdonesofarinthearea.

Twitterisbecomingareliablemediatosearchfortimelyinformationthentheweband
this information isminedextensively foropinionmining,emotiondetectionandsentiment
polaritybydifferentbusinessandresearchers.AutomaticaffectdetectiononTwitterisattracting
muchresearchsinceuserscontinuouslyexpresstheiropinions’regardinganythingthatthey
are interested in. These opinions include reviews of products, general feelings, etc. Affect
detection finds itsapplications invariousapplications like (Rodriguez,Ortigosa,&Carro,
2012)monitoredhowaffectandemotionalfactorsdeterminetheoutcomeofthee-learning
environment;(Desmet&Hoste,2013)showedhowaffectmonitoringonsocialmediacanhelp
suicideprevention;(Cherry,Mohammad,&DeBruijn,2012)usedemotionclassificationto
detectdepressiononsocialmedia;(Dadvar,Trieschnigg,Ordelman,&deJong,2013)showed
howtoimprovedetectionofcyberbullyingfromusercontent.

Opinionanalyzers andemotiondetection tools for socialmedia text streamsuse supervised
learningclassifierswhichrelyheavilyonthemanuallyannotatedcorpus.Themanuallyannotated
corpus foruse in supervised learning isdifficult tocreateandhumanannotators,whoassociate
differentsentenceswithdifferentcategories,traditionallyproduceannotatedcorpus.However,this
processisarduousandtime-consumingandalsoobtaininganinter-annotatoragreementisdifficult
insuchtasksashumanjudgmentissubjective.Thisresearchaimstocreateanauto-annotationtool
capableofannotatingtwittercorpusbyanalyzingtweets,i.e.,tocreateabootstrappingalgorithmfor
automaticannotationoftheTwittercorpus.Bootstrappingprocesseslacksubjectivityandoverlook
theinherentsemanticsofunderlyingtext.Thus,thereisagreaterneedforextendingbootstrapping
algorithmsforachievingbetteraccuracyintheautomaticannotationoftweets.Forthisreason,we
proposeanextendedbootstrappingalgorithmfortheautomaticannotationoftweets.

Theproposedenhancedbootstrappingalgorithmtakessemanticsof textasa featureand
annotates the corpus using distributional semantic hypothesis. We exploited distributional
semanticmodelsforenhancingthebootstrappingalgorithmandachievedcomparableresults.The
existingbootstrappingalgorithmsoverlookthesemanticsofthetextandworkonthepresence
ofeithercriticaltermsinthetextorsomeotherstatisticalfeaturestoannotatethesentencesand
thusarenotscalable.Thekeyideaofourproposedenhancedbootstrappingalgorithmisthus
toextendthebootstrappingprocessbyusingsemanticmodelstocreateanydomainannotations
andthushaveascalablebootstrappingalgorithm.

Theproposedalgorithmconstitutesfiveimportantsteps:1)Preprocessingoftweets;2)Lexicon
generation;3)Enhancementof lexiconofseedwordsusingword2Vecmodel;4)Seedextension
usingandanotherdictionary-basedapproaches5)UsingLSAtocomputesemanticsimilarity;5)
UsingbigvectorscreatedusingWord2Vectocalculatesemanticcoherence.Theproposedsystem
wasevaluatedonKashmir2016unrestdatasetcollectedfromTwitter.Around12,000tweetswere
manuallyannotatedusingcrowd-sourcingtochecktheefficiencyoftheproposedapproach.Theresults
areabovethetraditionalbaselineapproaches,andthusconfirmthatthecompetitiveperformanceof
ourproposedapproach.

Restof thepaper isorganizedas follows:background,enhancedbootstrappingalgorithmin
detail,experiments,evaluationandresults,discussionandcomparativeanalysisandthenconclusions
andfuturework.
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BACKGRoUNd

Inthissection,wesummarizethemostrecentandrelevantcorporadevelopedforemotionandopinion
analysispurpose,wediscussthefeaturesemployed.Also,wepresentsomeworkswherebootstrapping
hasbeenemployedasatechniqueforautomaticannotationandtheresultstheyachieved.

Emotionalcorpusactsasameansforthesupervisedlearningalgorithmsforlearningthepatterns
hiddenintheunderlyingdocumentthatisusedforemotionclassification.Itservesaslabelledtraining
setforthesupervisedalgorithmstolearnandinferafunction,whichcanbeusedtomapnewexample
(Rostamizadeh&Talwalkar,2012).

Thisprototypeanalyzedsixfundamentalemotionsviz:sadness,anger,fear,disgust,surpriseand
happiness.PlutchikandKellerman(1980)determinedtheemotionprototypeishavingeightbasic
emotionincludingEkman’ssixprimaryemotionsplustwonewemotionsanticipationandtrust.He
coordinatedtheseemotionsaroundawheel.Inthiswheel,radiusdepictsthetenoroftheseemotions.
Centricemotionsdepictthesharptenorofemotions.

Traditionally emotional corpora are created by manual annotation process, which allows
machine learning algorithms to get trained from these human annotations. Trained corpus has
sentencelevelannotationsperformedbyhumanannotators.Corporaisgenerallyannotatedbythe
sixemotionallabelsproposedbyEkman,thereareseveralsuchworks,like(Alm,Roth,&Sproat,
2005).Performedannotationsatsentencelevelfor185childrenstorieswithsixemotionalclasses;
(Aman&Szpakowicz,2007).Createddatasetofblogpostsalongwithemotionintensityvaluesand
emotionclasses.(Strapparava&Mihalcea,2008)annotatednewsheadlineswithemotionvalence
and categories; (Balabantaray,Mohammad,&Sharma,2012) employed sentence annotationsof
8,150tweetsacquiredfromtheweb.(Hakak&Kirmani,2018)usedsupervisedlearningformining
ofopinionsofTwitterevents.

Additionally,thereareotherworkswherecorporaarebeinglabelledwithothergroupsofemotions
asbeingproposedbyEkmanisfoundinliteratureinclude(Neviarouskaya,Prendinger,&Ishizuka,
2010)used14categoriesofemotionson thecorpusof1,000sentencesofstories; (Mohammad,
Zhu,Kiritchenko,&Martin, 2015) annotated2012USpresidential election twitter datasetwith
multi-layeremotion,polarity,valencestyle,andpurpose;(Yan&Turtle,2016)gaveEmoTweet28
inwhichtheyusedtweetcorpuswith28emotionalcategories.(DeChoudhury,Gamon,Counts,
&Horvitz,2013)employedsupervisedlearningapproachestodeterminedepressivedisordersand
evaluatedphysiologicalattributeslikeemotion,linguisticstyle,socialism,languagesandprescribed
antidepressant medication to design the classifier. Crowd-sourced Tweets are employed for
classificationandgained70%accuracy.(Purver&Battersby,2012)employedsupervisedlearning
approaches for emotion analysis. They employed labelled twitter dataset with automatic Ekman
annotated(Ekman,1992)classesvizanger,fear,happiness,sadness,surprise,anddisgustandacquired
60%accuracy.(Wilson,Wiebe,&Hwa,2004)employedaSupervisedLearningsystemtoclassifytext
intoObjectiveandSubjectivetexts.Objectivitydefinesthetenor(intensity)oftheemotionsrelated
tothesentence.Subjectivitydepictspolarityofasentence.Thisapproachrequiresawell-defined
sentenceprototypetodeterminethesyntacticalrelations.Alltheserequirehugetextualemotional
corporaalongthedifferenttypesofemotions.However,alltheseapproachesareannotatedmanually
andarethus,highlytime-consuming.Theyareerror-pronebecauseofsubjectivenature.

Recentapproachesinthisareahaveledtotheautomaticannotationoftextatthesentencelevel.
Forexample,(Bifet&Frank,2010)employedBootstrappingforautomaticclassificationoftweetsby
enlargingtheseedlistsusingLSAalgorithmsandWord2Vecmodels.Theircomputationalperformance
wasalsofavorable.(Go,Bhayani,&Huang,2009)usesdistantsupervisionusingemoticonstocreate
apositiveandnegativelabelleddatasetforthesupervisedlearningalgorithms.(Suttles&Ide,2013)
employedDistantsupervisionbyemployingEmoticons,Emojisandhashtagsforautomaticannotation
ofTweetsusingPlutchik’sClasses;(Hasan,Rundensteiner,&Agu,2014)usedcircumplexmodel
(Russell,1980)inwhichemotionalstatesdepictingtheaffectivecontentconsistsofintensityvalues
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andarousal isattainedusinghashtagsofTwitter forautomaticannotationof theTwittercorpus.
(Qadir&Riloff,2013)usedabootstrappingsystemwithemotionhashtags.Emotionhashtagsare
employedfortrainingthesupervisedclassifier.Fiveemotionhashtagsanxiety,anger,joy,sadness,
andaffectionwereemployedandacquired68%ofaccuracyinthisclassificationrealm.

Asseenintheprecedingdiscussionthefocusonautomaticannotationhasincreaseddrastically,
butresearchismainlyfocusedontechniqueslikekeywordspottingandpresenceandabsenceof
emoticons,hashtags,acronyms,andslangsinthetext.Wehaveextendedtheworktowardsmore
semanticfeatures,coherence,anddomain-specificfeaturesofthetext.(Jan&Khan,2018)employed
Semanticsimilarityapproachtoconstructingautomaticemotionclassifierandachievedpromising
resultswithanaccuracyof71.795%.(Hasan,Rundensteiner&Agu,2019)Theycollectedtextusing
twitterstreamAPIforbootstrappingemotionalcorpuscreation.(Taxer,Becker-Kurz,&Frenzel,
2019)usedbootstrappingmodeltoevaluateteacher-studentrelationships.

In this work, an extended bootstrapping approach has been used to overcome the problem.
Ourapproachisaconcoctionofsupervisedlearningandunsupervisedlearningmethodsandthus
leadingtoanautomaticclassificationprocesswhoseeffectivenesshasbeenevaluatedbyresults.
Bootstrappingprocessisalreadybeenemployedinvariouscomputationallinguisticproblemslike
wordsensedisambiguation(Thelen&Riloff,2002)namedentityclassification(Collins&Singer,
1999)anaphoraresolution(Strapparava&Mihalcea,2008).

1. Extended Bootstrapping Process: The Bootstrapping is an automated task used in the
contributionofcreatinganannotatedcorporafocusedonthereductionofbothtimeandcost
neededforthedevelopmentofannotatedcorporausedforthelearningofsupervisedclassifiers.
Bootstrappingaimstoreducetheneedformanualcorporaannotationsandthushavebecome
awidelyresearchedtopicintheareaofcomputationallinguistics.Bootstrappingcanbeused
toresolvechallengesfacedinthecomputationalproblemslikesentimentanalysis,wordsense
disambiguation,namedentityresolution,etc.asalloftheseproblemsrequirelabelleddatawhich
istooexpensiveandburdensometocreate.Inthissection,wediscussedtheproposedextended
bootstrappingalgorithmwhichwehavedevelopedtoannotatethedatasetautomatically.Itis
divided into six subsections where the primary task of automatic annotation carried by the
extended bootstrapping process is explained. The algorithm receives as input an unlabelled
datasetoftweetsandasetof“n”classes.Theobjectiveofthistaskistoautomaticallyannotate
theunlabelledtweetsintoanyofthe“n”classesifthetweetinquestionishavingasentiment
polarityreflectedtowardsanyofthe“n”classesorneutralifitdoesnot.Figure1showsthe
overall systemofextendedbootstrappingprocessdiagrammatically.Sixsubprocessesofour
enhancedbootstrappingprocessare:1)TwitterScrappingModule;2)Preprocessing;3)Lexicon
generation;4)ExtendedBootstrappingAlgorithm(EBA):
a. Twitter Scrapping module:Inthissection,Twitterscrappingmoduleisresponsiblefor

miningTwitterandretrievingdataasperthequeryofthesystem.Datacollectionmodule
iscomprisedoftheTwitter4j3interactingwiththeTwittersearchAPI4withthesetofquery
stringswhichareprobedonthetwitter,andtheTwitterAPIreturnsresultingtweetsthrough
twitter4jtooursystem;

b. Preprocessing:Thepreprocessingmodulepreparesthetweetfortheclassifierbyperforming
pre-processing on every individual tweet before passing it to the automatic classifier.
Preprocessingstagesismadeupofthefollowingsteps:
i. TokenizationisperformedusingtheStanfordCoreNLPpackage(Manning,Surdeanu,

Bauer,Finkel,Bethard,&McClosky,2014)tobreaktweetsintosentencesandwords;
ii. SlangsandabbreviationsareremovedfromthetweetsbyusingEnglishdirectories;
iii. Allwordsarefedtothedictionarymoduletolookfortheirmeaning.Ifawordisfound

whichdoesnotreturnusefulmeaningisfedtothewordreplacermoduletoreplace
itbyitsproperword.Forexample,atweet“@USERNAMEushouldbegudwithur
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idiotcmind.”Thewords“u,”“gud,”“ur”and“idiotc”donotfetchanymeaningfrom
thedictionarieshence thesewordsarepassed to theword replacermoduleandare
replacedby“you,”“good,”“your,”and“idiotic”wordsrespectively.Thedictionaries
usedareWordnetandJSpell.InwordreplacermodulewehaveusedSMSdictionary5,
Netlingo6andtheurbandictionary7;

iv. RtprefixesRetweets,i.e.,tweetswhichwereearliersentbysomeoneelse,usuallysuch
tweets,rt,orRTandhenceweredroppedfromthedataset;

v. StopwordsareremovednextfromthetweetsusingTF-IDFfeature,Stanford,andwiki;
vi. URLsandusernamesarealsostrippedfromthetweets;
vii.Nextlemmatizationisappliedtowordstoobtaintheirstems.Lemmatizationisdone

using Stanford core NLP package (Manning, Surdeanu, Bauer, Finkel, Bethard, &
McClosky,2014);

viii. Specialchartersarealsostrippedfromthetweets;
ix. Allthetextischangedtolowercasecharacters;
x. Thentherefinedtweetissuppliedtotheautomaticclassifier;

c. Lexicon Generation:Forallthen-classeswecreatedanexhaustivesetofseedwords.These
seedwordsrepresenttheprimaryexpressionofsentimentexpressedbytheindividualclasses.
Theywerechosenbythedomainexpertsofthesentimentsthatwereevaluatedandisthe
onlymanualinterventionpartoftheextendedbootstrappingprocess.Choosingtherightset
ofseedwordsisessentialasthewholelexiconbuildingprocessisentirelydependentonit:
i. Initialseedset;
ii. SeedextensionusingWord2Vec;
iii. SeedextensionusingWordNet;
iv. SeedextensionusingOxfordthesaurus.

1. Initial Seed Set Generation: Forallthen-classeswecreatedanexhaustivesetofseedwords.
Theseseedwordsrepresenttheprimaryexpressionofsentimentexpressedbytheindividual
classes.Theywerechosenbythedomainexpertsoftheopinionthatwereevaluatedandwasthe
onlymanualinterventionpartoftheextendedbootstrappingprocess.Choosingtherightsetof
seedwordsisessentialasthewholelexiconbuildingprocessisprimarilydependentonit;

Figure 1. Overall methodology
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2. Seed Extension Using Word2Vec:Word2Vec(Mikolov,Chen,Corrado,&Dean,2013)isa
two-layerneuralnetworkthatprocessestext.Itproducesasoutput,asetofvectorsforthetext
corpusasinput.VectorsproducedbyWord2Vecarefeaturevectorsofwords,tobeprobed,in
somecorpus.Corpusactsasadomainfortheproductionofvectorsandissubjectsensitive.
Word2Vecalgorithmistrainedasavectorspacerepresentationoftermsbyexploitingtwolayers
oftheneuralnetwork.Word2Vechastwoarchitectures:CBOW(ContinuousBag-Of-Words)and
Skipgrammodels.Thesearchitecturescharacterizehowneuralnetworksdeterminetheword
representationsofeachword.CBOWpredictsthecurrentwordaccordingtoitscontextwhile
Skipgramdeterminesthecontextofawordaccordingtoagivenword.WeemployedSkipgram
modelforourseedextension;

3. Seed Extension Using Wordnet: WordNet (Miller, 1995) is a lexical database for English
language.Itisorganizedintosynsetsthatgroupverbs,nouns,adjectives,andadverbs.Eachsynset
expressesadistinctconcept.Synsetsarelinkedtoeachotherthroughconceptualrelationships.
WordNetinterlinksspecificsenseofwordsandnotjuststringsofletters.Theprimaryrelationship
amongwordsinWordNetissynonymy.WordNethas117,000synsetslinkedtoeachother.Our
proposedalgorithmprobeswordsinWordNetfortheirsynonyms.Eachwordinthelexiconcreated
intheprecedingphaseislookedupinWordNettoretrieveitssynonyms,andthesesynonyms
arethenaddedtotheclassofwordwhichleadstoitsinclusion.Figure2showsthemethodof
seedextensionbyWordNet;

4. Seed Extension Using Oxford:OxfordThesaurus(D’Alessandro,2004)isthemostextensive
thesaurusintheworldwithmorethan600,000synonymsandantonyms,compiledbytheEnglish
departmentoftheUniversityofGlasgow.OurproposedalgorithmuseoxforddictionaryAPI8
for retrieving synonymsof seedwords fromOxford thesaurus.Oxford thesaurusprovidesa
semantically linkedcollectionof relatedwords.Weprobed forseedwordsdeveloped in the
precedingstageintheOxforddictionaryforsynonyms.Synonymsretrievedareaddedtothe
lexiconastheyarenotalreadypresentinthelexicon.IfawordWibelongingtoclassX,then
synonymsretrievedforthewordWifromOxfordthesaurusareaddedtotheclassX.Theprocess
ofseedextensionbyOxfordthesaurusisexplainedinFigure3.

Oxford thesaurus is explained in Figure 3 Weights are assigned to each seed word in the
lexicon.Weightsaregivensuchthateachseedwordistreatedasbeingofdifferentimportanceinthe
classificationprocess.Seedwordswithahigherweightmeanit’smoreimportantthanseedwords

Figure 2. Seed extension process using WordNet
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withlowerweightintheclassificationprocess.Weightsassignmenttoeachseedwordisaccordingto
itsrelevancetotheclassificationprocess.SeedwordsbelongingtoInitialseedsetaregivenhighest
weightastheyarechosenmanuallyfollowedbyseedwordsaddedbyWord2VecIandWord2VecII
asthesearederivedfromthecorpus.ThenseedwordsareretrievedbyWordNetandthenfollowed
byOxford.Table1showstheweightassignedtodifferentwordsbyourseedextensionprocess.

Extended Bootstrapping Algorithm (EBA)
TheproposedEnhancedbootstrappingalgorithm(EBA)classifiestwitterfeedsintodifferentclasses
usingthefollowing

1. EnhancedSentimentClassifier(ESC)
2. NormalizedLatentSemanticAnalyser(NLSA)
3. Big-vectorApproachusingWord2Vec(BVW)

UsingEBA,weclassifytweetsinton-differentclassesandobtainanautomaticallyannotated
tweetcorpus.Figure4showstheextendedbootstrappingprocess.

Enhanced Sentiment Classifier (ESC)
Theenhancedbootstrappingclassifierisusedtomaptweetstoclasses.Ituseslexiconcreatedinthe
precedingsectiontoautomaticallyclassifytweetsintooneofthedifferentclasses,iftweetdescribes
sentimenttowardsanyoftheclassorneutralotherwise.Itmeasuresthedegreeofmatchbetweentweet

Figure 3. Seed extension process using Oxford

Table 1. Weight assignment to different stages of lexicon generation

Seed Extension Used Weight

Initialseedset 5

Word2VecI 4

Word2VecII 3

WordNet 2

Oxford 1
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Figure 4. Extended bootstrapping process
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andseedwords.Seedwordswiththeircorrespondingweightsrepresentthecategoriesandtweets
representthedocuments.ThesecategoriesarethenequatedwithdocumentsusingtheScoringfunction.
VectorSpaceModel(VSM),determinesthevectorrepresentationofcategoriesanddocumentsand
CosineSimilarityisemployedtoevaluatethesemanticcoherence.ThenweusedtheScoringfunction
toevaluatethelabelofthetweet:

Score t V sim id t id t
n vsm c c

, , ,




→ →( ) = ( ) = ( )cos 

where id
c
isseedword,tispreprocessedtweet, cos iscosinesimilarity, id

c
→ isavectorofseed

word,  t→ isavectoroftweetandV
n


 isavectorofnelements.

WeusedascoringfunctionScore(ti,Vn 
),whoseargumentsarepre-processedtweetandavector

ofn-elementsallinitializedtozero.Thescoringfunctionmapsthetweettothevectorhavingmaximum
valuefortheclasstowhichthistweetbelongsbycomparingwordsinthetweetwiththelexicon,if
thetweetdoesnotbelongtoanyoftheclasses,i.e.,itshavingneutralopinionthentweetislabelled
asneutralwith itsclassdeterminedasneutral.The lexiconisdivided inton-setsofclasseswith
differentwordsbelongingtoeachset.

LetTbethesetoftweetstdefinedas:T={t1,t2,t3,t4,…,tn}.andLetWbethesetofwordsw
ineachtweettdefinedas:W={w1,w2,w3…,wm}.

LetC1denotesetofwordsinlexiconbelongingtoi.e.:

C w w
1 1
= ∈{ }�|� � class 

LetC2denotesetofwordsinlexiconbelongingtoi.e.:

C w w
2 2
= ∈{ }�|� � class 

LetC3denotesetofwordsinlexiconbelongingtoi.e.:

C w w
3 3
= ∈{ }�|� � class 

LetCndenotesetofwordsinlexiconbelongingtoi.e.:

C w w
n n
= ∈{ }∧�|� � class 

Theclassforthetweettiscalculatedas:

LetLXdenotesetofallwordsinthelexicon,i.e.,
LX={Setofallwordsinlexicon}.
Score(ti;V[n])=
V[1]←V[1]+W(wa);(wa∈W)∧ (t∈T)∧ (wa∈ C1)
V[2]←V[2]+W(wb);(wb∈W)∧ (t∈T)∧ (wb∈ C2)
V[3]←V[3]+W(wc);(wc∈ W)∧ (t∈T)∧ (wc∈ C3)
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⋮
⋮
V[n]←V[n]+1;(wg∈W)∧ (t∈T)∧ (wg∉ LX)

wherewa,wb,wc,wd,we,wfandwgarewordsbelongingtosetofwordsWandt isatweetfrom
thesetoftweetsT.W(wi)istheweightofthewordw.ESCisanimprovementoverbyemploying
enhancedlexiconandpre-processedtext(Liu,Li,Lee,&Yu,2004).StanfordcoreNLPisusedto
tokenizetweetintowords,andthesewordsareprobedfordetectingtheclassoftweet.Ifaword
isfoundbelongingtosomeclassinthelexicon,thescoringfunctionofourESCalgorithmadjusts
thevector[n],byaddingitscorrespondingentryinthevectorandtheweightofthewordtowhichit
matched.ThemaxfunctionofourESCalgorithmreturnsthemaximumvaluefromthevector[n]that
representstheclassassignedtothetweetfromanyofthen-representativeclassesplusneutral.Thus,
thetweetisassignedtheclassofthemaximumwordstowhichtherepresentativewordsbelonged.If
itdoesnotcontainanysentiment,thenthetweetisgivenaneutralclass.Ifthemaxfunctionreturns
morethanoneentry,thenweusetheconflictresolutionfunctionoftheESCalgorithm.Theconflict
resolutionworksbyprobingthevector[n],wordsrepresentingentriesfromthevector[n]areprobedfor
theirdistancefromthesubject.Classofthewordwhichisataminimumdistancefromthesubject
isassignedtothetweet:

Class(ti,V[n])=max(v[n]);(ti∈ T)

Algorithm:ESCEnhancedSentimentClassifier

Input: Lexicon, Tweet set.
Output: Set of tweets with their classes
Lx ←Lexicon 
C w
1 1
← ∈ class

C w
2 2
← ∈ class

C w
3 3
← ∈ class



C w
n n
← ∈ class

T = {t
1
, t

2
, t

3
, t

4
 ..., t

n
}   /* the set of all pre-processed tweets*/

W = {w
1
, w

2
, w

3
, w

4
 ...w

n
}, /* the set of words in a tweet */

For Each t
i
 ∈ T do

       { 
       V [7] ← {0, 0, 0, …0} /* vector assigned to 0  */ 

For each w
j 
∈ W

i
 do

       { 
               if ∃  w

n
 ∈ C

1
 ∧   w

n
 = w

j
 then

                 { 
V
1
←V

1
+W(n)

} 
     If ∃  w

n
 ∈c

2
 ∧  w

n
 = w

j
 then

                 { 
V
2
←V

2
 + W(n)

}
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⋮
                   If ∃  w

n
 ∈ C

n-1
 ∧   w

n
 = w

j
 then

                 {
V
n-1
←V

n-1
 + W(n)

} 
         else 
{ 
V
n
←V

n
+1;

} 
    } 
  If max(V

[n]
 = 1) then

             { 
class(t

i
)←max(V

[n]
)

  } 

else 
{ 
entry{i}←max(V

[n]
); subject ←t

i
 

For Each I ∈ entry do
{ 
dis{j}←distance(subject, w

i
)

} 
} 
Class(t

i
)←dis;

}

Normalized Latent Semantic Analyzer (NLSA)
Measuringthedegreeofmatchbetweencategoriesanddocuments(tweets)inthevectorspacemodel
isseverelyaffectedbyfeaturesparsity.ThissparsityproblemisreducedbyemployingLatentSemantic
Analysis(LSA)(Dumais,2004).Inthisstep,neutraltweetsgeneratedBytheESCalgorithmare
mappedtotheclassesusingLSAwhichisusedtoanalyzetherelationshipbetweenasetofdocuments
andtheircorrespondingterms.LSAcreatesalearnedmodelbyusingtrainingcorpuswhichcanbe
usedtodeterminethesimilarityofdocumentsagainstthemodeldesignedbyLSA.Wehaveused
theentireannotatedtweetsetgeneratedbytheESCalgorithmasthecorpusforLSA.Todothis,
asimilarapproachusedby(Gliozzo,Strapparava,&Dagan,2009)isused,theyhaveusedlatent
semanticspacestoestimatethesimilaritybetweenwordsanddocuments.WehaveusedLSAtofind
similaritybetweenannotatedtweetsandunannotatedtweets,i.e.,neutraltweetsgeneratedbyESC
algorithmandonlythoseannotationsaretakenwheresimilarityscoreishigherthan70%.Figure5
illustratesthisconcept.

Big-Vector Approach Using word2Vec (BVw)
Inthisstep,neutraltweetsgeneratedbyESCalgorithmandNLSAaremappedtoclassesusingBVW,
BVWisanovelfeaturewhichusesWord2vec(Mikolov,Chen,Corrado,&Dean,2013)algorithmand
cosinesimilarity(Suttles&Ide,2013)measuretoannotatetweets.UsingBVW,wecanannotatethe
tweetsthatwerenotannotatedsofarandweregivenaneutrallabel.BVWusesWord2Vectogenerate
vectorsofallwordsofapre-processedtweetthatarethenmappedintoBig-vectors.Big-vectorsare
createdbycombiningallvectorsofallwordsofatweetintoasinglevectorcalledbigvector.Figure
7showstheBig-vectorformationfortweetti.OnceBig-vectorsareformedweareusingthemforthe
annotationprocess.Big-vectorscoverthesemanticinformationofthetweetandareusedtomapthe
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semanticsimilaritybetweentweets.Big-vectorsarethussemanticallyrichbagofwordsrepresentation
ofindividualtweets.Cosinesimilarityisthenemployedtocomputesemanticcoherencebetween
tweets:annotatedtweetsBig-vectorsandneutraltweetsBig-vectorsandarethenmatchedusingcosine
similarityforannotatingneutraltweets.IfthecosinesimilarityofthetwopairedBig-vectorsisgreater
than80%,thentheneutraltweetisgiventheclassoftweettowhichitmatched.Figure8showsthe
processofBVW.Allneutraltweetsgeneratedintheprecedingsectionarematchedagainstevery
individualannotatedtweetthroughtheirBig-vectorrepresentations,andwhereversemanticsimilarity
isgreaterthan80%,theneutraltweetgetstheclassofannotatedtweetwithwhichitmatched.Figure
7showstheBig-vectorformation,andFigure6showsannotationusingBVW.

Experiments
Inthissection,wediscusstheexperimentsperformedtotestourenhancedbootstrappingalgorithm.
WedownloadeddatafromTwitterandusedourproposedalgorithmtoannotatethedataautomatically.
DatadownloadedwasaboutKashmirunrestin2016(detailsinthenextsection)toautomatically
annotatetheunrestdata.Sixclasseswereused:Op1,Op2,Op3,Op4,Op5andOp6totestourproposed
bootstrappingapproach.AlthoughclassescanbeanygenericclasseslikeEkman’ssixclassesof
emotions(Ekman,1993)butsincedataisaboutKashmirunrest,wehaveprepareddataformining
opinionduringtheuprisingandhencetheseclasses.

Datasets
ThedatasetwasdownloadedfromtwitterusingstreamingAPI9andtwitter4j10.Thisdatasetwas
downloadedtominetheKashmirUnrest2016,alsoknownasBurhanaftermath11.Kashmirunrest
2016istheseriesofviolentproteststhathappenedwiththekillingofHizbulMujahidin(HM)12
commanderBurhanWani,Waniwaskilledon8thJuly2016.Afterhiskilling,aseriesofviolent
protestsstartedinKashmirValley.WestarteddownloadingtheeventonTwitterusingtheTwitter
streamingAPI.TheDatasetwasdownloaded from12 July2016 to31December2016.The
datasetiscomposedof4,928,436tweets.Thewordsthatwereusedasthequeryinthetwitter
streamingAPIwere:KashmirUnrest,Kashmircrisis,Kashmirblindspot,Kashmir,Kashmir
killings,freeKashmir,azaadi,stopkillingsinKashmir,goIndiagoback,saveKashmir,Kashmir
bleeds.Thedownloadeddatasetcontainsnon-Englishtweetswhichwereeliminatedfromitand
resultingdatasethas4,072,133tweets.ThesampletweetsdownloadedareshowninTable2.
Figure8showsthefrequencyoftweetsperdayoftheeventduringtheevent.Figure9givesthe
timelineandrateoftweetsin log

10
.

Figure 5. LSA annotation
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Lexicon Generation Process
ForallthesixclassesvizOp1,Op2,Op3,Op4,Op5,andOp6,wecreatedanexhaustiveseedsets
aboutallthesixclasses.SeedsetswerecreatedusingthedomainexpertsforKashmirconflictand
refinedseveraltimesmonitoringthetwitterfeed.Table3summarizesthedifferentclassesandthe
seedwordsinthemandmostimportantseedwordsusedfordifferentclasses.

Next,weappliedWord2Vecforseedextensionoftheinitialseedset.Weusedthedownloaded
twitterdatasetasthecorpus,asourclassificationisdataspecificanddomaindependent.Thusfor
learningofWord2Vec,thecompletedatasetwasgivenascorpusandwasprobedforthewordsinthe
initialseedsettoachieveseedextensionofourinitialseedset.TheseedextensionbyWord2Vecwas

Figure 6. Big-vector formation

Figure 7. Annotation using BVW
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Figure 9. Timeline of Kashmir unrest (time versus frequency in log10)

Table 2. Sample tweets in dataset

Serial 
Number Tweet

1
{”TweetedOn”:”SatOct2216:08:55CEST2016”,”location”:”JammuAndKashmir”,”tweet”:”RT
@user:Eyewitness:Srinagar,Kashmirhttps://t.co/ZyFqcegjRVhttps://t.co/Rcm1EqCwdS,
“tid”:789830899420372992“

2 {”TweetedOn“:”SatOct2216:07:12“,”tweet”:”RT@username:Breakthesilence.Standwith
Kashmirhttps://t.co/spscfc0fKp”,”tid”:789830468418011140.}

3 {”TweetedOn“:”SatOct2216:06:36“,”location”:”LosAngeles,California,USA”,”tweet”:”Eyewitness:
Srinagar,Kashmirhttps://t.co/ZyFqcegjRVhttps://t.co/Rcm1EqCwdS”,”tid”:789830318085636098.}

4
{”TweetedOn“:”SatOct2214:33:42“,”tweet”:”Fondofselfies,14-yroldSayaarkilledbypellets
onSeptember10Young#Kashmirawaitsjustice@PMOIndia@amnestyhttps://t.co/wvI6vwpFZB”,”t
id”:791256487951757312.}

5
{”TweetedOn“:”SatOct2214:32:09“,”tweet”:”RT@username:ExcellentquestionfrommyJustice
colleague@usernameMPin#PMQsonhumanrightsabusesinKashmir&campaignfor\u2026”,
tid”:791256097902452736.}

Figure 8. Rate of tweets per day during unrest in 2016
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donetwicetoachieveseedextensionI(wecallitWord2VecI)andthentoproduceseedextension
II(Word2vecII).TheoutputofWord2VecIwasgivenasinputtotheWord2VecIItoproduceseed
extensionusingWord2Vec.Statisticsofseed,theextensionispresentedinTable4.Word2Vecis
usedtwicetoobtaintwoseedextensionsoftheseedset.Westoppedaftertwophasesbecausefurther
extensionswereleadingtoanerrorinclassification.Word2Veclessensthebiaswhichcanlurkinthe
processofannotation.Skip-grammodelofWord2Vecalgorithmisemployedforannotation.Unified
CorpusobtainedasenhancedseedlexiconisfedtoWord2Vecmodelfortraining.Tofurtherenrichthe
seedwordsweusedWordNet(Miller,1995).Eachwordintheseedsetcreatedintheprecedingphase
islookedupintheWordNettoretrieveitssynonyms,andthesesynonymswereaddedtoappropriate
classes.Figure10showsthearchetypeofenhancedseedlexiconusingWordNet.InthisStep,each
wordinthelexiconisexploredtodeterminesynonymsbyemployingtheWordNet,andsynonyms
arehavingsensesimilartotheprobedwordisaddedtothelexiconbelongingtotheclasstowhich
examinedwordbelonged.Figure10showsanexampleoftheseedextensionusingWordNet.The

Table 3. Sample of seed words in lexicon

Class Seed Words # Seed 
Words

Op1
India,Kashmir,prison,war,school,human,right,violate,blood,
burn,pellet,blind,child,police,kill,child,grave,crpf,beat,force,
fire,gun,curfew,Muslim,injury,force,occupy,shell

29

Op2

Geelani,unrest,education,effect,mask,youth,damage,problem,
young,terrorist,dirty,illiterate,direction,religion,separatist,
stone,pellet,throw,militant,evacuate,want,state,Kashmir,
dismiss,local

26

Op3
Kashmir,bomb,unrest,Nawaz,trouble,Taliban,isis,terrorist,
Balochistan,illegal,fuel,unrest,terror,state,train,camp,pok,
blackday,destabilize,claim,Pakistan,ceasefire,violate,Nawaz

25

Op4

Nehru,support,Burhan,Geelani,Kashmir,referendum,dispute,
resolve,issue,protest,separatist,love,silentterritory,uno,
Burhan,hero,martyr,demand,freedom,Kashmir,develop,
Congress,Abdullah,Azadi

28

Op5
Islamic,posterPakistan,valley,beauty,flag,banayaga,love,
zindabad,support,Jinnah,Jeeva,zindabad,Muslim,raise,issue,
peace,peaceful,Pakistani,fake,strike,China,support,Kashmiri

26

Op6
PDP,Indian,bjp,Modi,game,part,India,Kashmir,with,
celebrate,Diwali,legal,accession,Hindustani,discipline,win,
army,job,accede,home,protect,love,Modi

26

Table 4. Word2Vec seed extension distribution

Classes # Seed Words After Enhancement

Op1 231

Op2 137

Op3 97

Op4 225

Op5 40

Op6 98
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word“grave”inthelexiconhasaclassassignedtoitas“Op1,”thewordisprobedforsynonymsin
WordNetandretrievedmostsuitablesynsetsofit:“serious,”“severe”and“life-threatening”.These
synsetsaresupplementedtothelexiconandarelabelledwiththeclassof“grave,”i.e.,Op1.After
thisprocess,thelexiconisenhancedby4693wordsmore,andresultsinalexiconof6331words.

AllthewordsinthelexiconwereexploredforsynsetsintheOxfordAmericanWriterThesaurus
(D’Alessandro,2004)andallsuitablesynonymswerecollectedandaddedtothelexicon.Figure11
showsanexampleoftheseedextensionusingtheOxfordDictionaryfortheword“religion.”When
OxfordDictionarywasprobedfortheword’religion’,belongingtotheOp2class,followingsynonyms
wereretrieved:church,creed,denomination,affiliationbody,faith,belief,divinity,faith,community,
following,theology,sect,cult,worship,teaching,doctrine,religiousgroup,persuasion.Beforeadding
thesetothelexicon,theprocesschecksifthesynonymsarealreadypresentinthelexicon.Theclass
annotationtotheretrievedsynonymsisthesameasthatoftheprobedword.Duringtheprocessif
synonymshadmorethanoneannotation,theyweredropped,i.e.,allthosewordswhicharefound
tobeattheintersectionoftheopinionclassesaredropped.Forexample,theclassassignedtothe
synonym“religiousgroup”hadbothannotations:“Op4”and“Op1,”sosynonym”religiousgroup”
wasdroppedandwasnotaddedtotheseedsetlexicon.Afterthisprocess,seedsetlexiconisenhanced
with3304morewords,andemergingalexiconwith9635words.Table5summarizesthecountof
wordsinthelexiconaftereverystageofseedextension.

EVALUATIoN ANd RESULTS

In this section,wedescribeexperimentsof the extendedbootstrappingalgorithmandautomatic
annotationandshow the results.Forourexperiments,wehaveused twitterdatasetdescribed in
theprevioussection.Datasethadpre-processedtweetswithretweetsandforeignlanguagetweets
removed.Experimentswereperformedusingrandom12,000tweetsfromthedataset.Crowd-sourcing
wasemployedtoobtainhumanannotationsforcreatingatestsettotestoursystem(Mohammad&
Turney,2013).Weusedthecrowd-sourcingmethodtomanuallyannotateourchosen12,000random
tweetsasdoneby(Machedon,Rand,&Joshi,2013).Amongthe12,000tweets,differenttweetssets
areassignedtoseveralgroupsofpeoplesuchthatwehadatleastthreejudgmentsforthetweetsof
12,000set.Maximumvotingwasimplemented,andtheresultingdatasethad9,818tweetswhereall
threejudgeshaveagreedontheopinion.Thus,wehadanefficienttestsetof9,818tweetstotestthe
effectivenessoftheautomaticsentimentclassifier.Table5andTable6summarizetheno.oftweets
belongingtoeachclassinthemanuallycreatedtrainingset.Figure12showsthedistributionoftweets.

Figure 10. WordNet seed extension
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Theevaluationmethodologythatweusedassessesourapproachintwodimensions.Ononeside
weareevaluatingtheusabilityofthelexiconbuiltusingourextendedbootstrappingalgorithm,andon
theotheraspect,weareassessingthecorrectnessofourclassifierwiththatofthemanualclassification,
employinganagreementmeasure.Confusionmatrices,accuracy,F1-score,Cohen’skappa,precision,
andrecallareusedtocomputetheperformanceofproposedclassificationalgorithm.Wehavealso
comparedtheresultsofourclassificationalgorithmwiththeresultsofothersimilartechniquesand
foundourresultsoutperformingthem,thusconfirmingthesuperiorityofourproposedmethod.

Confusionmatricesaresuitabletocomputetheeffectivenessofthemulticlassclassifier.Table7
presentsthedesignoftheconfusionmatrix.Theelementsinthediagonalpositionsofourconfusion
matrixshowthecorrectclassifications,i.e.correctpredictionsoftheclassifieralsoknownastrue
positivesrepresentedbythetp_Opiwithrespecttothefalseclassificationsofourclassifier.False
negativesintheconfusionmatrixareinthecorrespondingcolumnoftheclass.Bothfalsenegatives
andfalsepositivesaremisclassificationsofourclassifier.

Table 8 shows the number of tweets classified using different sub-processes of our
classificationalgorithm.

Figure 11. Oxford Thesaurus seed extension

Table 5. Distribution per class in the crowd-sourced dataset

Classes # Instances of Manually Annotated Corpus

Op1 2544

Op2 1638

Op3 1562

Op4 2534

Op5 171

Op6 837

Neutral 532
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Precisionisdeterminedbytheratioofcorrectclassificationsoftheclassifierandthesumofcorrect
classificationsandfalsepredictionswithrespecttotheclass.MathematicallyprecisionofclassOp_i:

PrecisonOp i
tp Op i

tp Op i fp Op i
� _

_ _

_ _ _ _
=

+


Recallisdeterminedbytheratiooftruepredictionsuponthesumoftruepredictionsandthe
predictionsthatarewronglyclassifiedasfalsetowardsaclassi.Recallofclass � _Op i :

Table 7. Confusion matrix

Predicted Class

Actual class

Opi Opj

Opi tp Opi_ e_  OpiOpj

Opj e_  OpiOpj tp Opi_

Figure 12. Distribution of tweets

Table 6. Seeds after each stage of lexicon generation

Approach #of Seed Words Retrieved Total in Lexicon

Initialseed 160 160

Word2vec-I 668 828

Word2vec-II 810 1638

WordNet 4693 6331

OxfordDictionary 3304 9635
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Recall Op i
tp Op i

tp Op i fn Op i
 _

_ _

_ _ _ _
=

+


F1-score of a classifier is the weighted harmonic mean of the test’s precision and
recall.Mathematically:

F score *
Precision Recall

Precision Recall
1 2_ =

−
+



Accuracy for theclassifier is the ratioof correctpredictionsuponall thepredictionsof the
classier.Mathematically:

Accuracy =
tp OpC

total

_ 

There � _tp OpC isthesumofalltruepositivesandtotalisthetotalnoofclassifications.
Cohen’skappa(Cohen,1960)wehaveusedtomeasuretheeffectivenessofourclassifieragainst

manuallycreatedtrainingset.Mathematically:

K
p p

p
e

e

=
−

−
0

1


where p
0
istheobservedagreementand p

e
istheexpectedagreement.

We have used to leave one out validation. The classification algorithm runs on the dataset
processingeachtweetandclassifiesthetweetintooneofthesixclassesorneutralofitdoesnot
depictanyopinion.

Theevaluationresultsofprecision,recall,f1-scoreandCohen’skappaforeachprocessareshown
inTables9-16.Figure13showsthegraphforprecision,recallandF1scoreofoursystemTable17
givesthecomparisonofourclassifierwiththeothertechniques.

Table 8. Distribution per class in the crowd-sourced dataset

Classes

Manual Initial Seed Set Word2vec I Word2Vec II WordNet Oxford LSA BVW

Op1 2544 658 930 1058 1471 1707 1941 2231

Op2 1562 496 640 749 1049 1093 1156 1334

Op3 1638 682 858 891 928 1008 1264 1438

Op4 837 556 1895 1865 1436 1398 1376 1378

Op5 171 254 215 209 182 166 182 162

Op6 2534 1470 1832 2208 2232 2402 2402 2249

Neutral 532 5702 3448 2838 2520 2044 1326 826

Total 9818 9818 9818 9818 9818 9818 9818 9818
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dISCUSSIoN ANd CoMPARATIVE ANALySIS

TheresultsofourproposedEnhancedapproachanditscomparisonwithothersimilartechniquesare
discussedinthispart.Weacquiredanaccuracyof68.56%andMacroAverageofPrecision:71.14%,
Recall:67.09%andF1_score:68.04%.TheagreementbetweentheresultsofourproposedEnhanced
approachandmanualannotationwasfoundtobehavingmicro-averageof58%.Theresultsconfirm
thecompetitivecompetenceofourenhancedbootstrappingapproachandthustheusabilityofour
proposedsystemforcreationofautomaticallyannotatedtestdataforthesupervisedclassifiers.

Usingtheinitialseedsetasastartingpoint,whichwascreatedbydomainexperts,wecreateda
lexiconof9635words.Weusedbothdomain-specificwordsanddictionary-basedwordstoextend
ourseedsetlexicon.Thedomain-specificwordenhancementwasdonebyemployingWord2Vec
model,anddictionary-basedextensionwasdoneusingWordNetandOxfordthesaurus.

CoNCLUSIoN ANd FUTURE woRK

Thispaperpresentsanovelapproachforscalableandsemanticallyrichautomaticannotationofthe
twittercorpusforSupervisedLearningalgorithms.Weemployedourextendedbootstrappingalgorithm
tocreatethecorpusforopinionminingusingsupervisedlearningalgorithms.Moreover,wepresented
amethodforcreationoflexiconutilizingbothdomainspecificmodelsusingWord2Vecalgorithmand
dictionary-basedextensionusingOxfordthesaurusandWordNet.Weconfirmedtheeffectivenessof
ourautomaticannotatorbyusingcrowd-sourcedannotateddataset.Theevaluationmetricsconfirm
thecontributionofourproposedapproachforannotationprocesssincetheresultsofourextended
bootstrappingAlgorithmandagreementmetricsarepromising.Thisshowsourautomaticannotation
algorithmcanbeusedasanalternativeformanualannotation.Thus,ourproposedalgorithmcanbe
efficientlyusedforthecreationoftrainingsetfortheusageofsupervisedlearningalgorithmswithout
muchhumanintervention.Ourmainconclusionisthat:

1. Existingstate-of-artinthefieldislimitedandonedimensional.Thus,thereisaneedtoenhance
thebootstrappingalgorithmstocapturethefeatureslikedomaindependentfeatures;

2. Weemployedcomprehensiveevaluationmetricstoevaluatethecorrectnessofourapproach;
3. Theresultsoftheextendedbootstrappingalgorithmaresoundenoughtobeusedasanalternative

wayofcreatingcorporaforopinionanalysisandemotiondetectionTasksforTwitterdata;

Table 9. Confusion matrix and results on initial seed set

Initial Seed Set 
Lexicon

Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f1-Score

Op1 197 127 0 96 9 200 29 7.74 29.93 12.29

Op2 170 142 75 9 0 82 18 9.09 28.62 13.79

Op3 110 112 251 0 0 146 63 15.32 36.80 21.63

Op4 47 32 19 252 27 123 56 30.10 45.32 36.17

Op5 41 27 16 8 96 49 17 56.14 37.49 45.17

Op6 483 420 46 0 25 514 30 20.28 34.96 25.66

Neutral 1496 702 1231 518 14 1420 319 59.96 5.59 10.22

Macro-avg 28.37 31.24 10.22

Accuracy 18.03%
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Table 10. Confusion matrix and results of Word2Vec I

Word2Vec I as a Lexicon
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f 1-Score

Op1 325 45 33 43 27 436 21 12.77 36.02 18.85

Op2 85 205 94 36 9 168 43 13.12 32.03 18.61

Op3 298 71 326 21 7 98 37 19.90 37.99 26.11

Op4 519 427 0 541 0 391 26 64.63 28.54 39.59

Op5 48 27 4 12 86 10 28 50.29 40.00 45.55

Op6 343 416 292 44 24 696 17 27.46 37.99 31.87

Neutral 926 371 898 140 18 735 360 67.66 10.44 18.08

Macro-avg 36.52 31.85 34.60

Accuracy 25.86%

Table 11. Confusion matrix and results of Word2Vec II

Word2Vec II as a Lexicon
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f1-Score

Op1 640 96 138 47 5 46 36 27.12 65.21 38.30

Op2 96 342 60 5 4 232 10 21.89 45.66 29.59

Op3 21 17 548 15 0 273 17 33.45 61.50 43.35

Op4 268 320 295 617 21 330 14 73.71 33.08 45.66

Op5 47 22 9 23 92 16 0 36.62 42.02 39.13

Op6 510 109 465 118 36 928 42 36.62 42.02 39.13

Neutral 912 656 123 12 13 709 413 77.63 14.55 24.50

Macro-avg 46.31 43.71 38.56

Accuracy 36.97%

Table 12. Confusion matrix and results of WordNet

WordNet Seed Set Lexicon
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f1-Score

Op1 963 146 125 62 23 127 25 37.85 65.46 47.96

Op2 156 568 143 14 17 132 19 36.36 54.14 43.50

Op3 18 6 713 7 0 157 27 43.52 76.83 68.48

Op4 161 205 73 698 5 286 8 83.39 48.60 61.41

Op5 37 16 19 8 95 7 0 55.55 52.19 53.81

Op6 602 228 119 16 15 1235 17 48.73 53.33 51.82

Neutral 607 393 446 32 16 590 436 81.95 17.30 28.56

Macro-avg 53.35 52.83 50.79

Accuracy 47.95%
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Table 13. Confusion matrix and results of Oxford

Oxford as Lexicon
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f1-Score

Op1 1256 26 194 0 21 192 18 49.37 73.57 59.08

Op2 43 739 75 20 14 189 13 47.31 67.61 55.56

Op3 48 4 812 6 0 127 11 49.57 80.55 61.37

Op4 97 198 79 782 5 216 21 93.43 55.93 69.97

Op5 26 12 23 0 103 2 0 60.23 62.04 61.12

Op6 547 267 73 7 18 1479 11 58.36 61.57 59.92

Neutral 527 366 382 22 10 329 458 86.09 21.87 17.43

Macro-avg 63.48 60.44 54.93

Accuracy 57.33%

Table 14. Confusion matrix and results of Automatic Annotation by NLSA

Normalized LSA
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall f1-Score

Op1 1463 56 199 10 26 215 19 57.50 73.48 64.51

Op2 31 838 65 108 0 102 12 53.64 72.49 61.65

Op3 139 0 940 0 0 180 17 57.38 74.36 64.77

Op4 63 192 74 808 0 220 19 96.53 58.72 73.02

Op5 21 14 20 5 109 9 4 63.74 59.89 61.75

Op6 507 209 73 15 13 1562 23 61.64 65.02 63.28

Neutral 320 267 267 17 4 246 438 82.33 33.03 47.14

Macro-avg 67.53 62.37 62.30

Accuracy 62.72%

Table 15. Confusion matrix and results of Automatic Annotation by BVW

BVW
Confusion Matrix Results

Op1 Op2 Op3 Op4 Op5 Op6 Neutral Precision Recall F-Score

Op1 1700 55 214 109 9 30 18 65.8 79.62 72.05

Op2 50 1010 70 99 3 94 18 63.8 75.15 69.01

Op3 140 1 1098 1 1 168 29 67.27 76.35 71.52

Op4 70 192 80 795 2 219 20 75.71 57.69 65.48

Op5 21 14 0 5 109 9 1 76.22 68.55 72.18

Op6 500 211 80 20 15 1599 24 69.85 65.29 67.49

Neutral 100 100 90 21 4 170 420 79.34 46.4 58.55

Macro-avg 71.14 67.09 68.04

Accuracy 68.56%
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4. Thesignificanceofourlexicongenerationtechniquefortheautomaticannotationtaskresults
inbetterperformance.Hence,ourproposedalgorithmallowsustoconsiderbootstrappingasan
efficientwaytoautomatetheannotationtaskforthecreationofcorporatobeusedbysupervised
learningalgorithms,withoutmanualannotationswhicharelaboriousandtimeconsuming.

OurfutureresearchwillbefocusedonusingothersemanticsimilaritymodelslikeGloVe:Global
VectorsforWordRepresentation(Pennington,Socher,&Manning,2014)andtestingourapproach
onothercorpora.

Table 16. Cohen’s Kappa score

Class
Kappa Score

Initial Seed Word2Vec I Word2Vec II WordNet Oxford LSA BVW

Op1 -0.27 -0.17 -0.01 0.16 0.31 0.42 0.54

Op2 -0.08 -0.03 0.07 0.24 0.37 0.44 0.57

Op3 -0.01 0.03 0.201 0.32 0.39 0.48 0.61

Op4 0.23 0.61 0.71 0.81 0.92 0.96 0.96

Op5 0.55 0.49 0.52 0.54 0.59 0.63 0.63

Op6 -0.07 0.02 0.14 0.30 0.43 0.48 0.51

Neutral 0.57 0.67 0.76 0.80 0.85 0.81 0.82

Table 17: Comparative analysis

Technique Accuracy

ExtendedBootstrappingalgorithm 68.56%

Canales,Strapparava,Boldrini,&Martnez-Barco,2016 59.5%

Go,Bhayani,&Huang,2009 65.2%

Figure 13. Precision, recall and F1 score of our proposed bootstrapping algorithm
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