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Abstract— iSocial inetworking isites ilike itwitter ihave 

imillions iof ipeople ishare itheir ithoughts iday iby iday ias 

itweets. iThis ipaper iaddresses ithe iproblem iof isentiment 

ianalysis iin itwitter; ithat iis iclassifying itweets iaccording ito 

ithe isentiment iexpressed iin ithem: ipositive, inegative ior 

ineutral. iTwitter iis ian ionline imicro-blogging iand 

isocial-networking iplatform iwhich iallows iusers ito iwrite ishort 

istatus iupdates iof imaximum ilength i140 icharacters. iIt iis ia 

irapidly iexpanding iservice iwith iover i200 imillion iregistered 

iusers, iout iof iwhich i100 imillion iare iactive iusers iand ihalf 

iof ithem ilog ion itwitter ion ia idaily ibasis i- igenerating inearly 

i250 imillion itweets iper iday. iDue ito ithis ilarge iamount iof 

iusage iwe ihope ito iachieve ia ireflection iof ipublic isentiment 

iby ianalyzing ithe isentiments iexpressed iin ithe itweets. 

iAnalyzing ithe ipublic isentiment iis iimportant ifor imany 

iapplications isuch ias ifirms itrying ito ifind iout ithe iresponse 

iof itheir iproducts iin ithe imarket, ipredicting ipolitical ielections 

iand ipredicting isocioeconomic iphenomena ilike istock 

iexchange. iThe iproject iis ito idevelop ia ifunctional iclassifier 

ifor iaccurate iand iautomatic isentiment iclassification iof ian 

iunknown itweet istream. 

Keywords—sentiment analysis, micro-blogging, 

isocioeconomic 

I. INTRODUCTION I 

The isocial inetworking isites ilike iTwitter, iFacebook, iand 

iYouTube ihave iobtained iso imuch ipopularity inow idays. 

iThe iprocess iof ianalyzing isentiments iof itweets icomes 

iunder ithe idomain iof i“Pattern iClassification” iand i“Data 

iMining”. iThe iproject iwould iheavily irely ion itechniques 

iof i“Natural iLanguage iProcessing” iin iextracting 

isignificant ipatterns iand ifeatures ifrom ithe ilarge idata iset 

iof itweets iand ion i“Machine iLearning” itechniques ifor 

iaccurately iclassifying iindividual iunlabeled idata 

isamples i(tweets) iaccording ito iwhichever ipattern imodel 

ibest idescribes ithem. The ifeatures ithat ican ibe iused ifor 

imodelling ipatterns iand iclassification ican ibe idivided 

iinto itwo imain igroups: iformal ilanguage ibased, iand 

iinformal iblogging ibased.  
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iLanguage ibased ifeatures iare ithose ithat ideal iwith 

iformal ilinguistics iand iinclude iprior isentiment ipolarity 

iof iindividual iwords iand iphrases, iand iparts iof ispeech 

itagging iof ithe isentence. iPrior isentiment ipolarity imeans 

iwhenever ia iword iwith ipositive ifeeling iis iused iin ia 

isentence, ithe ientire isentence iwould ibe iexpressing ia 

ipositive isentiment. iOn ithe iother ihand, iparts iof ispeech 

itagging iautomatically iidentify iwhich ipart iof ispeech 

ieach iindividual iword iof ia isentence ibelongs ito: inoun, 

ipronoun, iverb ietc. iPatterns ican ibe iextracted ifrom 

ianalyzing ithe ifrequency idistribution iof ithese iparts iof 

ispeech iin ia iclass iof ilabelled itweets.  Classification 

itechniques iare idivided iinto itwo icategories: iSupervised 

ivs. iunsupervised iand inon-adaptive ivs. iadaptive 

itechniques. iSupervised iapproach iis iwhen iwe ihave 

ipre-labelled idata isamples iavailable iand iwe iuse ithem ito 

itrain iour iclassifier. iUnsupervised iclassification iis 

iwhen iwe ido inot ihave iany ilabelled idata ifor itraining. 

iAdaptive iclassification itechniques ideal iwith ifeedback 

ifrom ithe ienvironment. iIn iour icase ifeedback ifrom ithe 

ienvironment ican ibe iin iform iof ia ihuman itelling ithe 

iclassifier iwhether iit ihas idone ia igood ior ipoor ijob iin 

iclassifying ia itweet iand ithe iclassifier ineeds ito ilearn 

ifrom ithis ifeedback. iThere iare itwo ifurther itypes iof 

iadaptive itechniques: iPassive iand iactive. iPassive 

itechniques iare ithe iones iwhich iuse ithe ifeedback ionly ito 

ilearn iabout ithe ienvironment ibut inot iusing ithis 

iimproved ilearning iin iour icurrent iclassification 

ialgorithm, iwhile ithe iactive iapproach icontinuously 

ikeeps ichanging iits iclassification ialgorithm iaccording 

ito iwhat iit ilearns iat ireal-time. i i i 

II. LITERATURE ISURVEY 

Alexander iPak iand iPatrick iParoubek i[5] iproposed ithe 

imethod iwhere ithey iautomatically icollect ia icorpus ifor 

isentiment ianalysis iand iopinion imining ipurposes iin 

itwitter. iThen iperform ilinguistic ianalysis iof ithe 

icollected icorpus iand iexplain idiscovered iphenomena. 

iUsing ithe icorpus, ithey ibuild ia isentiment iclassifier, 

iwhich iis iable ito idetermine ipositive, inegative iand 

ineutral isentiments ifor ia idocument. i i 

Efthymios iand iTheresa iWilson i[6] iinvestigated ithe 

iutility iof ilinguistic ifeatures ifor idetecting ithe isentiment 

iof iTwitter imessages. iThey ievaluated ithe iusefulness iof 

iexisting ilexical iresources ias iwell ias ifeatures ithat 

icapture iinformation iabout ithe iinformal iand icreative 

ilanguage iused iin 

imicroblogging.  
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iThey itook ia isupervised iapproach ito ithe iproblem, ibut 

ileverage iexisting ihashtags iin ithe iTwitter idata ifor 

ibuilding itraining idata. iTheir iexperiments ion itwitter 

isentiment ianalysis ishow ithat ipart-of-speech ifeatures 

imay inot ibe iuseful ifor isentiment ianalysis iin ithe 

imicroblogging idomain. iMore iresearch iis ineeded ito 

idetermine iwhether ithe iPOS ifeatures iare ijust iof ipoor 

iquality idue ito ithe iresults iof ithe itagger ior iwhether iPOS 

ifeatures iare ijust iless iuseful ifor isentiment ianalysis iin 

ithis idomain. iFeatures ifrom ian iexisting isentiment 

ilexicon iwere isomewhat iuseful iin iconjunction iwith 

imicroblogging ifeatures, ibut ithe imicroblogging ifeatures 

 i(i.e., ithe ipresence iof iintensifiers iand 

ipositive/negative/neutral iemoticons iand iabbreviations) 

iwere iclearly ithe imost iuseful. 

Peter iTurney i[8] ipresented ia isimple iunsupervised 

ilearning ialgorithm ifor iclassifying ireviews ias 

irecommended i(thumbs iup) ior inot irecommended 

i(thumbs idown). iThe iclassification iof ia ireview iis 

ipredicted iby ithe iaverage isemantic iorientation iof ithe 

iphrases iin ithe ireview ithat icontain iadjectives ior 

iadverbs. iIn ihis ipaper ithe isemantic iorientation iof ia 

iphrase iis icalculated ias ithe imutual iinformation ibetween 

ithe igiven iphrase iand ithe iword i“excellent” iminus ithe 

imutual iinformation ibetween ithe igiven iphrase iand ithe 

iword i“poor”. iA ireview iis iclassified ias irecommended iif 

ithe iaverage isemantic iorientation iof iits iphrases iis 

ipositive. iThe ialgorithm iachieves ian iaverage iaccuracy 

iof i74%. 

Stefano iand iAndrea i[7] ipresented iSENTIWORDNET 

i3.0, ia ilexical iresource iexplicitly idevised ifor isupporting 

isentiment iclassification iand iopinion imining 

iapplications. iSENTIWORDNET i3.0 iis ian iimproved 

iversion iof iSENTIWORDNET i1.0, ia ilexical iresource 

ipublicly iavailable ifor iresearch ipurposes. 

iSENTIWORDNET iis ithe iresult iof ithe iautomatic 

iannotation iof iall ithe isynsets iof iWORDNET iaccording 

ito ithe inotions iof i“positivity”, i“negativity”, iand 

i“neutrality”. iEach isynset iis iassociated ito ithree 

inumerical iscores iPos(s), iNeg(s), iand iObj(s) iwhich 

iindicate ihow ipositive, inegative, iand i“objective” i(i.e., 

ineutral) ithe iterms icontained iin ithe isynset iare. iAt ithe 

iend ithey ievaluated iresults iof iboth iversion iand iindicate 

iaccuracy iimprovements iof iabout i20% iwith irespect ito 

iSENTIWORDNET i1.0. 

Theresa iand iJanyce i[9] ipresented ia inew iapproach ito 

iphrase-level isentiment ianalysis ithat ifirst idetermines 

iwhether ian iexpression iis ineutral ior ipolar iand ithen 

idisambiguates ithe ipolarity iof ithe ipolar iexpressions. 

iWith ithis iapproach, ithe isystem iis iable ito iautomatically 

iidentify ithe icontextual ipolarity ifor ia ilarge isubset iof 

isentiment iexpressions, iachieving iresults ithat iare 

isignificantly ibetter ithan ibaseline. 

Alec iand iRicha i[10] iintroduced ia inovel iapproach ifor 

iautomatically iclassifying ithe isentiment iof iTwitter 

imessages. iThese imessages iare iclassified ias ieither 

ipositive ior inegative iwith irespect ito ia iquery iterm. iThey 

ipresented ithe iresults iof imachine ilearning ialgorithms 

ifor iclassifying ithe isentiment iof iTwitter imessages iusing 

idistant isupervision. iTheir itraining idata iconsists iof 

iTwitter imessages iwith iemoticons, iwhich iare iused ias 

inoisy ilabels. iThey ishowed ithat imachine ilearning 

ialgorithms i(Naive iBayes, iMaximum iEntropy, iand 

iSVM) ihave iaccuracy iabove i80% iwhen itrained iwith 

iemoticon idata. iThey ialso idescribed ithe ipre-processing 

isteps ineeded iin iorder ito iachieve ihigh iaccuracy. iThe 

imain icontribution iof iAlec iand iJanyce iis ithe iidea iof 

iusing itweets iwith iemoticons ifor idistant isupervised 

ilearning. 

III. SENTIMENT IANALYSIS 

The iprocess iof idesigning ia ifunctional iclassifier ifor 

isentiment ianalysis ican ibe ibroken idown i 

Into ifour ibasic icategories. iThey iare ias ifollows: i i 

A. Data iAcquisition i i 

B. Human iLabelling i i 

C. Feature iExtraction i i 

D. Classification i i 

Data iAcquisition: i i 

Data iin ithe iform iof iraw itweets iis iacquired iby iusing ithe 

ipython ilibrary i“tweet istream” iwhich iprovides ia 

ipackage ifor isimple itwitter istreaming iAPI. iThis iAPI 

iallows itwo imodes iof iaccessing itweets: iSample iStream 

iand iFilter iStream. iSample iStream isimply idelivers ia 

ismall, irandom isample iof iall ithe itweets istreaming iat ia 

ireal itime. iFilter iStream idelivers itweet iwhich imatch ia 

icertain icriterion. iA itweet iacquired iby iSample iStream 

imethod ihas ia ilot iof iraw iinformation iin iit iwhich iwe 

imay ior imay inot ifind iuseful ifor iour iparticular 

iapplication. iIt icomes iin ithe iform iof ithe ipython 

i“dictionary” idata itype iwith ivarious ikey-value ipairs. iA 

ilist iof isome ikey-value ipairs iare igiven ihere: iWhether ia 

itweet ihas ibeen ifavorited, iUser iID, iScreen iname iof ithe 

iuser, iOriginal iText iof ithe itweet, iPresence iof ihashtags, 

iWhether iit iis ia ire-tweet, iLanguage iunder iwhich ithe 

itwitter iuser ihas iregistered itheir iaccount, iGeo-tag 

ilocation iof ithe itweet, iDate iand itime iwhen ithe itweet 

iwas icreated. iSince ithis iis ia ilot iof iinformation, iwe ionly 

ifilter iout ithe iinformation ithat iwe ineed iand idiscard ithe 

irest. iFor iour iparticular iapplication iwe iiterate ithrough 

iall ithe itweets iin iour isample iand isave ithe iactual itext 

icontent iof ithe itweets iin ia iseparate ifile igiven ithat 

ilanguage iof ithe itwitter iis iuser’s iaccount iis ispecified ito 

ibe iEnglish. 

Human iLabelling: i 

In ihuman ilabelling ithere iare ithree icopies iof ithe itweets 

iso ithat ithey ican ibe ilabelled iby ifour iindividual isources. 

iThis iis idone iso ithat iwe ican itake iaverage iopinion iof 

ipeople ion ithe isentiment iof ithe itweet iand iin ithis iway 

ithe inoise iand iinaccuracies iin ilabelling ican ibe 

iminimized. 
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 iLabelling iof itweets iin ifour iclasses iaccording ito 

isentiments iexpressed/observed iin ithe itweets: ipositive, 

inegative, ineutral/objective iand iambiguous. 

Positive: iIf ithe ientire itweet ihas ia 

ipositive/happy/excited/joyful iattitude ior iif isomething 

iis imentioned iwith ipositive iconnotations. iAlso iif imore 

ithan ione isentiment iis iexpressed iin ithe itweet ibut ithe 

ipositive isentiment iis imore idominant. i 

Negative: iIf ithe ientire itweet ihas ia 

inegative/sad/displeased iattitude ior iif isomething iis 

imentioned iwith inegative iconnotations. iAlso iif imore 

ithan ione isentiment iis iexpressed iin ithe itweet ibut ithe 

inegative isentiment iis imore idominant. i 

Neutral/Objective: iIf ithe icreator iof itweet iexpresses ino 

ipersonal isentiment/opinion iin ithe itweet iand imerely 

itransmits iinformation. iAdvertisements iof idifferent 

iproducts iwould ibe ilabelled iunder ithis icategory. i i i 

Ambiguous: iIf imore ithan ione isentiment iis iexpressed iin 

ithe itweet iwhich iare iequally ipotent iwith ino ione 

iparticular isentiment istanding iout iand ibecoming imore 

iobvious. iAlso iif iit iis iobvious ithat isome ipersonal 

iopinion iis ibeing iexpressed ihere ibut idue ito ilack iof 

ireference ito icontext iit iis idifficult/impossible ito 

iaccurately idecipher ithe isentiment iexpressed. 

<Blank>: iLeave ithe itweet iunlabeled iif iit ibelongs ito 

isome ilanguage iother ithan iEnglish iso ithat iit iis iignored 

iin ithe itraining idata. 

Once iwe ihad ilabels ifrom ifour isources iour inext istep 

iwas ito icombine iopinions iof ithree ipeople ito iget ian 

iaveraged iopinion. iThis ican ibe idone ithrough imajority 

ivote. 

Feature iExtraction: i i i 

In ithis iprocess iwe ineed ito iextract iuseful ifeatures ifrom 

iit iwhich ican ibe iused iin ithe iprocess iof iclassification. 

iFor ithis iwe iuse isome itext iformatting itechniques isuch 

ias iTokenization, iLowercase iConversion, iStemming, 

iStop-words iremoval, iParts-of-Speech iTagging ietc. 

iThere iare itwo ikinds iof iclassification iin iour isystem, ithe 

iobjectivity i/ isubjectivity iclassification iand ithe 

ipositivity i/ inegativity iclassification. iAs ithe iname 

isuggests ithe iformer iis ifor idifferentiating ibetween 

iobjective iand isubjective iclasses iwhile ithe ilatter iis ifor 

idifferentiating ibetween ipositive iand inegative iclasses. 

Next iwe iwill icalculate ithe iunigram iword imodels iusing 

iNaive iBayes. iThe ibasic iconcept iis ito icalculate ithe 

iprobability iof ia iword ibelonging ito iany iof ithe ipossible 

iclasses ifrom iour itraining isample. iUsing imathematical 

iformulae iwe iwere icalculating iprobability iof iword 

ibelong ito iobjective iand isubjective iclass. iSimilar isteps 

iwould ineed ito ibe itaken ifor ipositive iand inegative 

iclasses ias iwell. 

The ilist iof ifeatures iexplored ifor iobjective i/ isubjective 

iclassification iis ias ibelow: 

 Number iof iexclamation imarks iin ia itweet 

 Number iof iquestion imarks iin ia itweet i 

 Presence iof iexclamation imarks iin ia itweet i 

 Presence iof iquestion imarks iin ia itweet i 

Presence iof iurl iin ia itweet 

 Presence iof iemoticons iin ia itweet i 

 Unigram iword imodels icalculated iusing iNaive 

iBayes i 

 Prior ipolarity iof iwords ithrough ionline ilexicon 

iMPQA i 

 Number iof idigits i iin ia itweet i 

 Number iof icapitalized iwords iin ia itweet 

  iNumber iof icapitalized icharacters iin ia itweet 

  iNumber iof ipunctuation imarks i/ isymbols iin ia 

itweet 

The ilist iof ifeatures iexplored ifor ipositive i/ inegative 

iclassification iare igiven ibelow 

 Unigram iword imodels icalculated iusing iNaive 

iBayes i 

 Number iof itotal iemoticons iin ithe itweet i 

 Number iof ipositive iemoticons iin ia itweet i 

 Number iof inegative iemoticons iin ia itweet i 

 Number iof ipositive iwords ifrom iMPQA ilexicon 

iin itweet i 

 Number iof inegative iwords ifrom iMPQA ilexicon 

iin itweet i 

 Number iof ibase-form iverbs iin ia itweet i 

 Number iof ipast itense iverbs iin ia itweet i 

 Number iof ipresent iparticiple iverbs iin ia itweet 

Classification: 

 iPattern iclassification iis ithe iprocess ithrough iwhich 

idata iis idivided iinto idifferent iclasses iaccording ito isome 

icommon ipatterns iwhich iare ifound iin ione iclass iwhich 

idiffer ito isome idegree iwith ithe ipatterns ifound iin ithe 

iother iclasses. iThe iultimate iaim iof iour iproject iis ito 

idesign ia iclassifier iwhich iaccurately iclassifies itweets iin 

ithe ifollowing ifour isentiment iclasses: ipositive, 

inegative, ineutral iand iambiguous. 

There ican ibe itwo ikinds iof isentiment iclassifications iin 

ithis iarea: icontextual isentiment ianalysis iand igeneral 

isentiment ianalysis. iContextual isentiment ianalysis 

ideals iwith iclassifying ispecific iparts iof ia itweet 

iaccording ito ithe icontext iprovided. iOn ithe iother ihand 

igeneral isentiment ianalysis ideals iwith ithe igeneral 

isentiment iof ithe ientire itext ias ia iwhole. iWe iprefer 

igeneral isentiment ianalysis. iThe iclassification 

iapproach igenerally ifollowed iin ithis idomain iis ia 

itwo-step iapproach. iFirst iObjectivity iClassification iis 

idone iwhich ideals iwith iclassifying ia itweet ior ia iphrase 

ias ieither iobjective ior isubjective. iAfter ithis iwe iperform 

iPolarity iClassification ito idetermine iwhether ithe itweet 

iis ipositive, inegative ior iboth. iWe ipropose ia inovel 

iapproach iwhich iis islightly idifferent ifrom ithe iapproach 

iproposed iby iWilson iet ial. i[9]. iWe ipropose ithat iin ifirst 

istep ieach itweet ishould iundergo itwo iclassifiers: ithe 

iobjectivity iclassifier iand ithe ipolarity iclassifier. 
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 iThe iformer iwould itry ito iclassify ia itweet ibetween 

iobjective iand isubjective iclasses, iwhile ilatter iwould ido 

iso ibetween ithe ipositive iand inegative iclasses. I 

We iuse ithe ishort-listed ifeatures ifor ithese 

iclassifications iand iuse ithe iNaive iBayes ialgorithm iso 

ithat iafter ithe ifirst istep iwe ihave itwo inumbers ifrom i0 ito 

i1 irepresenting ieach itweet. iOne iof ithese inumbers iis ithe 

iprobability iof itweet ibelonging ito iobjective iclass iand 

ithe iother inumber iis iprobability iof itweet ibelonging ito 

ipositive iclass. iSince iwe ican ieasily icalculate ithe itwo 

iremaining iprobabilities iof isubjective iand inegative iby 

isimple isubtraction iby i1, iwe idon’t ineed ithose itwo 

iprobabilities. iSo iin ithe isecond istep iwe iwould itreat 

ieach iof ithese itwo inumbers ias iseparate ifeatures ifor 

ianother iclassification, iin iwhich ithe ifeature isize iwould 

ibe ijust i2. iWe iapply ithe ifollowing iMachine iLearning 

ialgorithms ifor ithis isecond iclassification ito iarrive iat ithe 

ibest iresult: 

A. K-Means iClustering 

B. Support iVector iMachine 

C. Logistic iRegression 

D. K iNearest iNeighbors 

E. Naive iBayes 

F. Rule iBased iClassifiers 

 

 
i i i i i i i i i i i i i iFig i1. iBlock iDiagram 

IV. COMPARING IWITH IEXISTING ISYSTEMS 

If iwe icompare iour iresults ito ithose iprovided iby iWilson 

i[9], iwe iexpect ithat ithe iaccuracy iof ineutral iclass 

imay/may inot ifall iif iwe iuse iour iclassification iinstead iof 

itheirs. iHowever, ifor iall iother iclasses iwe iaim ito ireport 

isignificantly igreater iresults. iAlthough ithe iresults 

ipresented iby iWilson iare inot ifrom iTwitter idata, ithey 

iare iof iphrase ilevel isentiment ianalysis iwhich iis ivery 

iclose iin iconcept ito iour iTwitter isentiment ianalysis. 

Next iif iwe icompare iour iresults iwith ithose ipresented iby 

iAlec iGo i[10], iwe iexpect ithat ithey iare imore ior iless 

isimilar. iHowever, iwe iplan ito iarrive iat icomparable 

iresults iwith ijust i10 ifeatures iand iabout i9,000 itraining 

idata. iIn icontrast ito ithis, ithey iused iabout i1.6 imillion 

inoisy ilabels. iTheir ilabels iwere inoisy iin ithe isense ithat 

ithe itweets ithat icontained ipositive iemoticons iwere 

ilabelled ias ipositive, iwhile ithose iwith inegative 

iemotions iwere ilabelled inegative. iThe irest iof ithe itweets 

i(which idid inot icontain iany iemoticon) iwere idiscarded 

ifrom ithe idata iset. iSo, iin ithis iway ithey ihoped ito iachieve 

ihigh iresults iwithout ihuman ilabelling ibut iat ithe icost iof 

iusing ihumongous ilarge inumber iamount iof idata iset. 

In icomparison iwith ithese iresults iof iKoulompis i[6], 

iaverage iF-measure iis iof i68%. iHowever, iwhen ithey 

iinclude ianother iportion iof itheir idata iinto itheir 

iclassification iprocess i(which ithey icall ithe iHASH 

idata), itheir iaverage iF-measure idrops ito i65%. iIn 

icontrast ito ithis iwe iplan ito iachieve iaverage iF-measure 

iof imore ithan i70% iwhich ishows ibetter iperformance 

ithan ieither iof ithese iresults. iMoreover, iwe imake iuse iof 

ionly i10 ifeatures iand i9,000 ilabelled itweets, iwhile itheir 

iprocess iinvolves iabout i15 ifeatures iin itotal iand imore 

ithan i220,000 itweets iin itheir itraining iset. iOur iunigram 

iword imodels iare ialso isimpler ithan itheirs, ibecause ithey 

iincorporate inegation iinto itheir iword imodels. iHowever, 

iin ihis iresult, itheir itweets iare inot ilabelled iby ihumans, 

ibut irather iundergo inoisy ilabelling iin itwo iways: ilabels 

iacquired ifrom ipositive iand inegative iemotions iand 

ihashtags. 

 

V. RESUTLS AND DISCUSSIONS 

We iwill ifirst ipresent iour iresults ifor ithe iobjective i/ 

isubjective iand ipositive i/ inegative iclassifications. 

iThese iresults iact ias ithe ifirst istep iof iour iclassification 

iapproach. iWe ionly iuse ithe ishort-listed ifeatures ifor 

iboth iof ithese iresults. iThis imeans ithat ifor ithe iobjective 

i/ isubjective iclassification iwe ihave i5 ifeatures iand ifor 

ipositive i/ inegative iclassification iwe ihave i3 ifeatures. 

iFor iboth iof ithese iresults iwe iuse ithe iNaive iBayes 

iclassification ialgorithm, ibecause ithat iis ithe ialgorithm, 

iwe iare iemploying iin iour iactual iclassification iapproach 

iat ithe ifirst istep. iThe ivalues iwe iget iare ithe iresult iof 

i10-fold icross ivalidation. iWe itake ian iaverage iof ieach iof 

ithe i10 ivalues iwe iget ifrom ithe icross ivalidation. 

In iaddition ito ithese ivalues, iwe imake ia icondition iwhile 

ireporting ithe iresults iof ipolarity iclassification i(which 

idifferentiates ibetween ipositive iand inegative iclasses) 

ithat ionly isubjective ilabelled itweets iare iused ito 

icalculate ithese iresults. iHowever, iin icase iof ifinal 

iclassification iapproach, iany isuch icondition iis iremoved 

iand ibasically iboth iobjectivity iand ipolarity 

iclassifications iare iapplied ito iall itweets iregardless iof 

iwhether ithey iare ilabelled iobjective ior isubjective. 

Next, iwe iwill ipresent iour iresults ifor ithe icomplete 

iclassification. iWe inote ithat ithe ibest iresults iare ireached 

ithrough iSupport iVector iMachine ibeing iapplied iat ithe 

isecond istage iof ithe iclassification iprocess. iHence ithe 

iresults iwill ionly ipertain ito ithose iof iSVM. iThese iresults 

iuse ia itotal iof itwo ifeatures: iP i(objectivity i| itweet) iand iP 

i(positivity i| itweet). iBut iif iwe iinclude iall ithe ifeatures 

iemployed iin istep i1 iof ithe iclassification iprocess, iwe 

ihave ia ilist iof i8 ishortlisted ifeatures i(3 ifor ipolarity 

iclassification iand i5 ifor iobjectivity iclassification).  
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VI. CONCLUSION 

The itask iof isentiment ianalysis, iespecially iin ithe 

idomain iof imicro-blogging, iis istill iin ithe ideveloping 

istage iand ifar ifrom icomplete. iRight inow, iproject 

iworked iwith ionly ithe ivery isimplest iunigram imodels. 

iAs ireported iin ithe iliterature ireview isection iwhen 

ibigrams iare iused ialong iwith iunigrams ithis iusually 

ienhances iperformance. iAdditionally, iParts iof iSpeech 

iseparate ifrom ithe iunigram imodels iare iexplored. 

Right inow, iwe iare iexploring iParts iof iSpeech iseparate 

ifrom ithe iunigram imodels, iwe ican itry ito iincorporate 

iPOS iinformation iwithin iour iunigram imodels iin ifuture. 

iSo isay iinstead iof icalculating ia isingle iprobability ifor 

ieach iword ilike iP(word i| iobj) iwe icould iinstead ihave 

imultiple iprobabilities ifor ieach iaccording ito ithe iPart iof 

iSpeech ithe iword ibelongs ito. iFor iexample iwe imay ihave 

iP(word i| iobj, iverb), iP(word i| iobj, inoun) iand iP(word i| 

iobj, iadjective). iPang iet ial. i[5] iused ia isomewhat isimilar 

iapproach iand iclaims ithat iappending iPOS iinformation 

ifor ievery iunigram iresults iin ino isignificant ichange iin 

iperformance i(with iNaive iBayes iperforming islightly 

ibetter iand iSVM ihaving ia islight idecrease iin 

iperformance), iwhile ithere iis ia isignificant idecrease iin 

iaccuracy iif ionly iadjective iunigrams iare iused ias 

ifeatures. iHowever, ithese iresults iare ifor iclassification 

iof ireviews iand imay ibe iverified ifor isentiment ianalysis 

ion imicro iblogging iwebsites ilike iTwitter. 

 i i i i i iIn ithe ipaper imain ifocus iis ion igeneral isentiment 

ianalysis. iThere iis ipotential iof iwork iin ithe ifield iof 

isentiment ianalysis iwith ipartially iknown icontext. iFor 

iexample, iit iis inoticed ithat iusers igenerally iuse ithis 

iwebsite ifor ispecific itypes iof ikeywords iwhich ican 

idivided iinto ia icouple iof idistinct iclasses, inamely: 

ipolitics/politicians,celebrities, iproducts/brands, 

isports/sportsmen, imedia/movies/music. iSo, iit iis 

iattempted ito iperform iseparate isentiment ianalysis ion 

itweets ithat ionly ibelong ito ione iof ithese iclasses i(i.e. ithe 

itraining idata iwould inot ibe igeneral ibut ispecific ito ione 

iof ithese icategories) iand icompare ithe iresults i, iif iwe 

iapply igeneral isentiment ianalysis ion iit iinstead. i 

 i i i i i iLast ibut inot ithe ileast, iwe ican iattempt ito imodel 

ihuman iconfidence iin iour isystem. iFor iexample, iif iwe 

ihave i5 ihuman ilabelers ilabelling ieach itweet, iwe ican 

iplot ithe itweet iin ithe i2-dimensional iobjectivity i/ 

isubjectivity iand ipositivity i/ inegativity iplane iwhile 

idifferentiating ibetween itweets iin iwhich iall i5 ilabels 

iagree, ionly i4 iagree, ionly i3 iagree ior ino imajority ivote iis 

ireached. iWe icould idevelop iour icustom icost ifunction 

ifor icoming iup iwith ioptimized iclass iboundaries isuch 

ithat ihighest iweightage iis igiven ito ithose itweets iin 

iwhich iall i5 ilabels iagree iand ias ithe inumber iof 

iagreements istart idecreasing, iso ido ithe iweights 

iassigned. iIn ithis iway ithe ieffects iof ihuman iconfidence 

ican ibe ivisualized iin isentiment ianalysis.  
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