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ABSTRACT 

In ithis iadvanced istage itechnology iwhere igiving i& idevouring imanagements ithrough ionline itrade 

ihas iturned iinto iday ito iday iactivities i(task), ieverybody iwants ito itake ian iinterest iand igive 

isuppositions iabout ithe iadministrations ihe/she ispends. ithese idays iare ioccurring isubstantially imore 

ion isocial iareas ias iopposed ito iin ia ifeedback ibox. iFacebook iis ia istandout iamongst ithe imost iregularly 

iutilized ionline inetworking iareas iwhere iindividuals ivoice itheir isentiments ion iattractive imuch 

ieverything. isuch ia isignificant inumber iof ispecialist iorganizations itake ithe istage ito iadvance itheir 

iadministrations iamong ithe iclients. iMedia itransmission isection iis ione iof ithem. iIt iis ivery ievident 

ithat inumerous iTelecommunication iorganization ikeeps iup ia iFacebook ipage ior igathering ito iraise 

itheir imanagements ito ithe iclients iand iget idisapproval ifrom ithem. iLimitless iis ibeing idelivered ialong 

ithese ilines ievery iday. 

In ithis ithesis, iwe iwill iseparate ievery ione iof ithe isentiments i(remarks ias icontent iinformation) ifrom 

ieach iindividual iprofile ipages iutilizing iFacebook igraph iAPI iis igiven iby iFacebook iapplication i& 

iexperience icommotion iscrubbing, iapplying isentiment i& iclassifier ifor icomputing iopinion 

iextremity igo ito ichoice iwhether ioffers iare igiven iby iorganization iis ireceiving igreat iinput ior inot. iAnd 

iin ithis ithesis ifor iour isentiment ianalysis iI iused inaïve iBayes iclassifier itechniques. 

Key iwords: i-Social inetwork, iFacebook igraph iAPI, iNaïve iBayesian iclassifier, iSentiment 

iAnalysis, iFacebook. 
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CHAPTER iONE 

INTRODUCTION 

1.1 iIntroduction ito isentiment iAnalysis i 

Sentiment ianalysis iis ia iComputational iinvestigation iof isentiments, iopinions, iassessments, iframes 

iof imind, ievaluation, iinfluences, ifeelings, isubjectivity, iand iso ion., icommunicated iin icontent. iAnd 

isentiment iAnalysis iadditionally icalled iOpinion iMining iis ia ifield iinside iNatural iLanguage 

iProcessing i(NLP) ithat ifabricates isystems ithat iattempt ito irecognize ijust ias ito iisolate iassessments 

iinside isubstance. iOrdinarily, iother ithan irecognizing ithe iassessment, ithese iframeworks iseparate 

itraits iof ithe iarticulation ifor iexample.: i- 

✓ Polarity: ion ithe ioff ichance ithat ithe ispeaker icommunicates ia ipositive ior inegative isentiment. 

✓ Subject: iwhat iis ibeing idiscussed, 

✓ Opinion iholder: ithe iindividual, ior isubstance ithat icommunicates ithe iopinions 

i(supposition). 

At ipresent itime isentiment ianalysis iis ia isubject ifor iincredible ipremium i& iadvancement ibecause iit 

ihas inumerous ipragmatic iapplications. isince iopenly i& isecretly iaccessible idata iover iInternet iis 

ialways igrowing, icountless icommunicating ifeelings iare iaccessible iin isurvey idestinations, 

idiscussions, ionline ijournals, iand iweb-based ilife. iWith ithe ihelp iof iopinion iexamination isystems, 

ithis iunstructured iinformation icould ibe iconsequently ichanged iinto isorted iout idata iof iopen 

ievaluations iabout ithings, iadministrations, ibrands, iauthoritative iissues, ior iany isubject ithat ipeople 

ican iexpress iemotions iabout. iThis idata ican ibe iamazingly iprofitable ifor ibusiness iapplications ilike 

ipromoting iexamination, ipublicizing, ithing ioverviews, inet isponsor iscoring, ithing iinfo, iand 

icustomer iorganization. 

What iis iOpinion imining? 

Text idata ican ibe icomprehensively iarranged iinto itwo ifundamental isorts: icertainties i& ifeelings. 

iRealities iare itarget iarticulations iabout isomething. iopinions iare igenerally isubjective iexpressions 

ithat idepict iindividuals' iconclusions, iexaminations, iand isentiments itoward ia isubject ior ipoint. i 

Sentiment ianalysis, isimilarly ithe isame inumber iof iother inatural ilanguage iprocessing iissues, ican ibe 

ishown ias ia igrouping iissue iwhere itwo isub-issues imust ibe isettled: 

✓ Categorizing ia isentence ias iobjective ior isubjective, iknown ias isubjectivity 

icharacterization. 
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✓ Categorizing ia isentence ias icommunicating ineutral, ipositive ior inegative iassessment ialso 

iknown ias ipolarity icharacterization. 

In ia isentiment, ithe isubstance ifor icontent idiscussions iabout ithe iarticle, ithe iparts, ithe iangles, ithe 

iqualities, ior ithe ihighlights. iIt imight ilikewise ibe ian iitem, ian iadministration, ian iindividual, ian 

iassociation, ian ievent, ior ia ipoint. iFor iinstance, iinvestigate ithe isupposition itext ibelow: i 

"Battery ilife itime ifor ithis icamera iis iexcessively ishort." i 

Negative iconclusion iis icommunicated iabout ia icomponent ior ilife itime iof ia isubstance i(devices). 

a) Comparative iversus idirect iopinion 

Two imain icategories iof iassessments ior ifeelings iin isentiment ianalysis iare idirect ifeelings iand 

icomparative ifeelings. iDirect isentiments igive ian iassessment iabout ian ielement istraightforwardly, 

ifor iinstance: i 

"The iimage inature iof icamera iX iis itoo ipoor." i 

This iimmediate ior idirect iassessment iexpresses iis ishows inegative ifeeling ifor idevise iX. i 

The isecond itype iof iassessment iis icomparative ior irelative ifeelings, isupposition iis icommunicated iby 

icontrasting ithe ielements iand ianother, ifor iinstance isee ibelow: i 

"The iimage inature iof icamera iX iis isuperior ito ithat iof icamera iY." i 

Typically, ithe irelative iopinion inonstop isimilarities ior icontrasts ibetween iat ileast itwo isubstances ior 

idevices iutilizing ia isimilar ior isuperlative itype iof ia idescriptive iword ior iverb imodifier. iIn ithe ipast 

imodel, ithere iis ipositive iassessment ifor idevices iX i& ion ithe iother ihand, ia inegative iconclusion iabout 

icamera iY. 

b) Implicit iversus iexplicitly iopinions 

For iexplicit iopinion iregarding ithe imatter iis ia isentiment iexplicitly icommunicated iin ia isubjective 

itext ior icontent. ithe iaccompanying itext ior icontents icommunicates ian iexplicit ipositive isupposition 

ior isentiment ias ishown ibelow. i 

"The ivoice inature iof ithis itelephone iis istunning." i 

For iimplicit iopinion iregarding ithe imatter ifor ithe isentiment iinferred iin ian iobjective itext ior icontent. 

iAnd ithe iaccompanying itext ior icontent icommunicates iis iImplicitly inegative ifeeling: i 

"The iheadphone iis ibreaking iafter itwo idays." i 

Inside ithe iimplicit iopinion iwe ican iincorporate ianalogies imight ibe ifor ithe imost itroublesome isort iof 

iconclusions ifor iinvestigating ior iincorporate igreat ideal iof isemantic idata. 
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1.2 iSentiment ianalysis iscopes 

Sentiment ianalysis ican ibe iconnected iin ivarious idimension idegrees ior iscopes ibut ithe imost icommon 

iscopes iof isentiment ianalysis iare ithree ias ilisted ibelow: i 

✓ The ifirst iis idocument ilevel: idocument ilevel isentiment ianalysis igets idifferent iopinions ias 

ia itotal ireport ior ipassage(paragraph). i 

✓ The isecond iis isentence ilevel: isentence ilevel isentiment ianalysis igets idifferent iopinions iof 

isolitary ior isingle. i 

✓ The ithird iis isub-sentence ilevel isentiment ianalysis ior iopinion iexamination igets ithe islant iof 

isub-expressions iinside ia isentence. 

1.3. iProblem iof iStatement 

Currently, iSentiment ianalysis iis iwidely iused iin ipolitics, iBusiness, iadvertisement, ipublic iactions 

iand iadvancement isince iit ihas inumerous ipractical iapplications. iThat iis iprivately iand ipublicly 

iaccessible idata iover iInternet iis icontinuously igrowing, ihuge inumber iof iwritings itext ifeelings ior 

iopinions iare iaccessible iin isurvey ilocales, igatherings, isocial imedia iand ionline ijournals. i 

With ithe isupport i(assistance) iof iassumption iexamination isystems, ithis iunstructured iinformation 

icould ibe inaturally ichanged iinto iorganized ior isorted iout idata iof iprominent isentiments iabout ithings, 

iorganizations, ibrands, igovernmental iissues, ior iany isubject ithat ipeople ican iexpress ievaluations 

iabout. iThis iinformation iis iexceptionally ihelpful iin ibusiness iapplications isuch ias ishowcasing 

iexamination, iadvertising, iitem isurveys, ireview iproducts, iitem iinput, iand iclient iadministration. 

1.4. iObjectives iof ithe iProject 

In imany iorganizations iand iassociations, ia iclient's iimpression iof iitem ior iadministration iis ivery 

iimportant idata. ifrom ithe iinformation ipicked iup ifrom ian iexamination, ifor iexample, ithis ian 

iorganization ican idistinguish iissues iwith itheir iitems, ispot idrifts ibefore itheir ichallengers, imake 

iimproved iinterchanges iwith itheir iintended iinterest igroup, iand iagain isignificant iknowledge iinto 

ihow isuccessful itheir iadvertising iefforts iwere. ithrough ithis iinformation iorganizations iincrease 

iimportant icriticism iwhich ienables ithem ito iadditionally ibuild iup ithe iup iand icoming iage iof itheir 

iitem. 

The imain iobjective iof ithis iproject iis ito iclassify ia inumber iof itext ifiles ior isentiment ianalysis iat 

idifferent ilevel iof iscopes ias ifollows: 
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✓ To iclassify ithe isentiment ianalysis ias isentence ilevel i 

✓ To iclassify ithe isentiment ianalysis ias idocument ilevel i 

✓ To iclassify ithe isentiment ianalysis ias isub-sentence ilevel i 

✓ To iclassify ithe itext ias ipositive iaccuracy iand inegative iaccuracy 

1.5 iSentiment ianalysis itypes 

There iare inumerous itypes ior ikinds iof isentiment ianalysis iand iSA iapparatuses iextend ifrom 

iframeworks ifor iemphasis ithe ipolarity i(neutral, ipositive, inegative) iin idifferent iframeworks ifor 

idistinguish isentiments iand iopinions i(irate, ihappy, isad i& iso ion) ior irecognize iaims i(for iexample 

iintrigued ivs inot iintrigued). iThe ifollowing iareas iare iused ito ispread iout ifor ithe ifurthermost ivital 

ithings. 

a) Fine igrained isentiment ianalysis 

In isome icases, iit imight ibe ilikewise iintense ion iactuality iprogressively iexact ifor ithe idimension iof 

ipolarity iof ifeeling, ibecause irather ithan isimply idiscussing inegative, ineutral ior ipositive iopinions iwe 

ican ithink iabout ithe ifollowing iclasses ibasic iclasses iof isentiment ianalysis: i 

 

 

Neutral

Positive

Negative

Very 
negative

Very 
positive
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This iis igenerally ialluded ito ias ifine-grained isentiment iAnalysis. iThis ican ibe, ifor iinstance, iplotted 

ifrom ifirst istar ito ifive-star irating iin ithe isurvey, ifor iexample.: ifor iVery inegative iis i1 istar iand iVery 

iPositive i= i5 istars. iA ifew iframeworks ilikewise igive idistinctive ikinds iof ipolarity iby idistinguishing 

ito inegative ior ipositive ifleeing iis irelated iwith ia ispecific iopinion, ifor iexample, ioutrage, itrouble, ior 

istresses i(for iexample inegative isentiments) ior ijoy, ilove, ior ienergy i(for iexample ipositive 

isentiments). 

All ithat iyou ihave ito iknow ito ibegin iwith isentiment ianalysis iis ias ishown iin ifigure i1.1 ibelow ithe 

irating iscale iis ifrom ifive istar i ito ione istar ionly ithat iis ipeoples ican irate ibased ion itheir ifleeing istarting 

ifrom ione istar ito ifive istar, ithat iis iif isomebody irates ifive istar ithe isentiment ianalysis iis ivery ipositive, 

ifor ifour istar iindicates ipositive isentiment ianalysis, ifor ithree istar ithe isentiment ianalysis iis ineutral, 

ifor itwo istar ithe isentiment ianalysis iis inegative, ifor ithe ione istar ithe isentiment ianalysis iis ivery 

inegative. 

 

Figure i1.1 irating iof iany iproduct iin isentiment ianalysis 

b) Emotion idetection 

Feeling ior iemotion idetection igoes ifor irecognizing ifeelings ilike ihappiness, idissatisfaction, ihorror, 

itrouble. iNumerous iemotion i(feeling) irecognition iframeworks iresort ito ivocabularies ior ilexicons 

i(for iexample ilist iof iwords iand ithe ifeelings ior iemotion ithey ipass). iOne iof ithe idrawbacks iof 

idepending ion ilexicon ior idictionaries iis ithat ithe imanner iin iwhich iindividuals iexpress itheir ifeelings 

ifluctuates ia iton ithus ido ithe ilexical ithings ithat iwe iused. ia icouple iof iwords ithat iwould iusually 

iexpress ihatred ilike ihomicide i(for iinstance iin iyour ithing iis ia itouch iof ior iyour icustomer ibacking iis 

iexecuting ime) imay iin ilike imanner iexpress ibliss i(for iinstance iin icompositions ilike ithis iis ithe icrap 

ior iyou iare imurdering iit).[1]. i 
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c) Aspect ibased isentiment ianalysis i 

Generally, iwhile idissecting iopinions iin isubjects, ifor iexample iinstance iitems iit imay ibe ipowerful ion 

inot ijust iwhether ithe iindividuals iis iconversing ito inegative, ineural ior ipositive ipolarity ifor ithe iitem, 

ibut iadditionally iwhich ispecific iperspectives iof ithe iitem iindividuals italks iclearly iabout iit. iThat iis 

ithe ithing ithat iaspect-based isentiment ianalysis iis iabout. iIn ithe iabove iexample: i 

"Battery ilife itime ifor ithis icamera iis iexcessively itoo ishort." i 

The itext ior icontent iis icommunicating inegative isentiment ifor ithe idevices ilife itime, ibut imore 

iunequivocally, iabout ithe ibattery ilife, iwhich iis ia ispecific icomponent iparts iof ithe idevices. 

d) Intent iAnalysis 

Intent iis ione itype iof isentiment ianalysis ithat iessentially irecognizes iwhat iindividuals ineed ito ido iwith 

ithe icontent iinstead iof iwhat iindividuals istate iwith ithe icontent. iLet isee ithree idifferent iexamples 

ibelow: i 

"Your iclient isupport iis ia idebacle. iI've ibeen ion ihold ifor i10 iminutes". i 

"I imight iwant ito irealize ihow ito isupplant ithe icartridge". i 

"Would iyou ibe iable ito ienable ime ito iround iout ithis istructure?" i 

A iperson ihas ino iissues iidentifying ithe iobjection ifor ithe ifirst icontent, isince ithe iinquiry ifor ithe 

isecond icontent i& ithe idemand iis imore ifocused ion ithe ithird icontent. iNevertheless, idifferent 

imachines imay ihave ia ifew iissues ifor irecognize ithem. iAt itimes ithe iexpected iactivity imust ibe 

ideduced ifrom ithe icontent, iyet inow iand iagain, ideriving iit irequires isome irelevant ilearning. 

e) Multilingual iSentiment iAnalysis 

Multilingual iis ialso ione itype iof isentiment ianalysis iit ican ibe ia itroublesome iassignment. iGenerally, 

ifor igreat ideal iof ipreprocessing iis irequired i& ithat ipreprocessing itypes iutilization ifor ivarious iassets. 

iFor ithe ilarge iportion isuch ikinds iof iassets iare iaccessible ion ithe iweb i(for iexample isentiment 

ilexicon), ihowever inumerous iothers imust ibe imade i(for iexample iinterpreted icorpora ior icommotion 

irecognition icalculations). iThe iutilization iof ithe iassets iaccessible irequires ia igreat ideal iof icoding 

iknowledge iand ican itake ilong ito iexecute. i 

An ioption iin icontrast ito ithat iwould iidentify ilanguage iin iwritings inaturally, iat ithat ipoint ipractice 

imodel ifor iyour ipreferred ilanguage i(if iwritings iare inot iwritten iin iEnglish), ilastly, iplay iout ithe 

iinvestigation. 
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1.6 iReasons ithe iimportance’s iof isentiment ianalysis 

Around i80% iof ithe iworld's iinformation’s iare iunstructured i& inot isorted iout iin ithe iform iof ipre-

characterized iway. iA ilarge iportion iof ithis ioriginates ifrom icontent iinformation, isimilar ito 

imessages, ibolster itickets, italks, iweb-based ilife, ireviews, iarticles, iand ireports. iThese iwritings iare 

itypically itroublesome, itedious iand icostly ito iexamine, icomprehend, iand isort ithrough. i 

Sentiment ianalysis iframeworks ienables iorganizations ito iunderstand ithis iocean iof iunstructured 

icontent ivia icomputerizing ibusiness iforms, igetting isignificant iexperiences, iand isparing ilong 

iperiods iof imanual iinformation ihandling, iat ithe iend iof ithe iday, iby imaking igroups iincreasingly 

iproficient. i 

Some iportion iof ithe iadvantages iof isentiment iAnalysis iincorporate ithe iaccompanying: 

✓ Scalability: iWould iyou ibe iable ito ienvision iphysically idealing iwith ia ihuge inumber iof 

itweets, iclient ibolster idiscussions, ior iclient isurveys? iThere's isimply ian iexcess iof 

iinformation ifor iprocessing iphysically. isentiment ianalysis ipermits ifor iprocessing 

iinformation iin iscaling iproductive i& ifinancially iperception imode. 

✓ Real-time ianalysis: ireal itime ianalysis iis iutilizing ifor idifferent isentiment ianalysis ifor 

idistinguish ibasic idata ito ipermit isituational imindfulness iamid iexplicit isituations 

icontinuously. iIs ithere ia iPR iemergency iin ionline inetworking igoing ito iblast? iAn iirate iclient 

ithat iis igoing ito iagitate? isentiment ianalysis iframework ican ihelp iyou ipromptly idistinguish 

ithese isorts iof icircumstances iand imake ia imove. i 

✓ Consistent icriteria: imost iof ipeoples ido inot iwatch ipure icriteria ito iassess iopinions iof 

idifferent iof icontent. ithe ievaluated idistinctive iindividuals ipossibly iconcur iaround i60-65% 

iof ithe ioccasions iwhen imaking ia idecision iabout ithe iopinion ifor ia ispecific ibit iof icontent. iIt's 

ian iemotional ierrand iwhich iis iintensely iimpacted iby iclose ito ihome iencounters, 

icontemplations, iand iconvictions. iBy iutilizing ia ibrought itogether ifeeling iexamination 

iframework, iorganizations ican iapply isimilar icriteria ito ithe imajority iof itheir iinformation. 

iThis idiminishes imistakes iand iimprove iinformation iconsistency. i 

Look iat ithe iUse iCases iand iApplications iarea ito isee iinstances iof iorganizations i& 

iassociations ifor iutilizing iopinion iexamination ito ian iassorted iarrangement iof idifferent 

icontents. 
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CHAPTER iTWO 

Background iand iMotivation 

2.1 iBackground 

Sentiment ianalysis ior iEstimation iexamination itries ito icomprehend ia isubject's idemeanor ior 

ipassionate iresponse itoward ia iparticular ipoint i(or ibrand). iConclusion iexamination ior isentiment 

ianalysis i(SA) iutilizes ispecific idevices, istrategies, iand itechniques ito icomprehend iwhat iindividuals 

istate iabout ian iissue. i 

SA idoes inot ineed ito ibe iconfused iand ispecialized. iIt icould ibe isomething ias istraightforward ias 

igetting ian iindividual iin iyour igroup ito idiscover iwhat iis ibeing isaid iabout iyour iimage ivia iweb-based 

inetworking imedia iand irecognize iits iamount iis igreat iand ithe iamount iof iisn't. iThere iis ino 

irequirement ifor ia imajor ispending iplan iand iventure iinto iconfused iprogramming i(it's iincredible iin 

ithe ievent ithat iyou ican ibear ithe icost iof iit, ihowever ion ithe ioff ichance ithat iyou ican't, ithat iis ifine ias 

iwell). 

You ican iapply ithe istandards iof ifeeling iexamination ior iSA ito: i 

✓ Item iaudits, istudies, iand ireactions i 

✓ People iand iassociations i 

✓ Issues, isubjects, ioccasions, ipreparing i 

✓ On ithe iweb iand ionline inetworking icontent iincluding iFacebook iposts, iwebcasts, iTweets, 

iblog iremarks, igathering iposts, irecordings, iillustrations, iand ipictures. i 

Instruments, iprocedures ior itechniques iutilized iin inotion iexamination idiffer ibroadly iand imay 

iincorporate iweb-based ilife iobserving, icatchphrase/content ihandling idevices, ibiometric idevices, 

icomputational isemantics, iNatural iLanguage iProcessing i(NLP) idevices, ior ia ibasic ievaluation iby 

isomeone ielse. 

2.2. i iMotivation 

It's icrucial ifor ientrepreneurs ito ifocus ion iclients' icriticism iabout itheir iadministrations. iIt's 

iadditionally ifundamental ifor iorganizations idecide ithe iamount iof iinformal iexchange ican ibe 

iconsidered iresource ior irisk ito itheir iproducts' irepute. iOver iestimation iinvestigation i(SA) iit iwould 

ibe iconsiderably iadditional iproficient ito idiscover ihow iclients ifeel iabout iadministrations, iitems, 

ioffers, ioccasions i& ithe igeneral ipopulation iwho iare ithe iessences iof ithe icommercial. iRecognizing 

iwhat ia iclient iis inow’s isuspecting iafter ieach iweb-based isocial inetworking ipost, ientrepreneurs ican 
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iframe iand ichange itheir ipromoting iprocedures ias ineeds ibe. iIt ican ihelp ithem iget iprofitable isetting 

ion ithe ibest iway ito ireact ito ithe iinput iand ihow ito iapproach ithe iclients ifor ithe ifollowing 

iadministration. iWays ihow iassessment iexamination ion iclients' iremarks ican ielevate ibusiness 

icircumstances iare italked iabout iit ibelow: i 

I. Think iof iBusiness iSolutions iBeforehand: 

At ithe ipoint iwhen ian iupdate ion ioffer ior iadministration iis iexhibited ito iclients ivia iweb-based 

inetworking imedia, ibusiness ipioneers ican iacquire icomplete idata iutilizing ithe inegative, ipositive iand 

ineutral iremarks ithat iwill ihelp ithem ito iadditionally iassess, imake ireports i& ithink iof iflexible 

iarrangements. iIt's igainful iwith iregards ito ibenchmarking icontenders iand imarkets. iIn iaddition, 

iSentiment iinvestigation ican ilikewise iassist iorganizations iwith ianalyzing ihow ithe imost irecent 

iadministration iis iconsidered iamong itheir iclients i& iget ia iuniversal ithought iof iwhich istatistic 

isection icreates ithe imost ienthusiasm ifor ithe ibusiness. 

II. Valuable imeasure iROI iof imarketing icampaign: 

Straightforward icount iof iquantity iof ithe ipreferences, iremarks i(devotees) idon't igive ithe igenuine 

iimage ias ifar ias iit’s iachievement iof ipromoting ieffort. iThrough isentiment ianalysis i(SA) 

ientrepreneurs ican iconsolidate isubjective i& imeasurable iestimations i& iamounts iof ithe isincere iROI 

irate iare iadvertising ieffort iutilizing ithe inegative ior ipositive italks iof iclients. 

III. Boost i(Lift) icustomer iservice: 

Supposition iinvestigation ior iSA iis ian iexceedingly ipowerful istrategy ithat iencourages iorganizations 

ito iconnect iwith itheir iclients ibefore iany inegative iinclination inearby ithe ispecific iadministration 

i(organization's) irepute ispreads iwide. iSo, iorganizations ican itransform iterrible iclient iunderstanding 

iinto ia ipositive iside iby igiving ifulfilling iadministration. 
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CHAPTER iTHREE 

LITERATURE iREVIEW 

3.1 iSentiment iAnalysis 

Sentiment iAnalysis i(SA) ishows ithe iutilization iof iNLP i(natural ilanguage iprocessing), icontent 

iexamination, icomputational ilinguistics i& ibiometrics ito iefficiently irecognize, iquotation, ievaluate 

i& iponder ifull iof ifeeling istates ialso, iemotional idata. iIt iis iimmensely iutilized iin iclient isurveys, 

ireactions iin ion ithe iweb ior ionline iand isocial imedia isites ior idestinations. iFeeling iinvestigation ior 

isentiment ianalysis iis iturning iinto ia imainstream iconsider inowadays, iprincipally iin ilight iof ithe iway 

ithat isocial iorganizing idestinations iincorporate ionline iclients iwho iare iallowed ifor iexpressing itheir 

iconsiderations, iemotions i& iimitations iabout ia iparticular ipoint. iOnline isurveys iare igiven ito iclients 

iin ithe ipublic iorganizing idestination iis icritical ifor ithe itwo iclients iand ispecialist iorganizations. iWith 

ifast iweb iindividuals icommonly ilook ifor ithings iin ithe iweb. iIndeed, ithese idays, iany isort iof 

ipromoting ibusiness iis ias iof inow idrenching ito ithe inew ipatterns iof iorganizations. iAside ifrom itheir 

icomposed istudies, ithe iorganizations ilikewise ibroaden itheir iconsumer iloyalty iexamination ithrough 

ithe iweb, iso ias ito iassemble ia ivast imeasure iof iinformation. i[2]. i 

Authors iof i[3] ifocused ion idesigning iunderstudies' iTwitter ipresents ion icomprehend iissues iand 

iglitches iin itheir iinstructive iencounters. iThey ioriginally idirected ia isubjective iinvestigation ion itests 

itaken ifrom iaround i25,000 itweets irelated ito idesigning iunderstudies' ischool ilife. iThey idiscovered 

ibuilding iunderstudies iexperience iissues, ifor iexample, iinadequacy iof isocial icommitment, 

ioverwhelming iinvestigation iburden, iand irest iinsufficiency. iIn iview iof ithese ioutcomes, iwe 

iactualized ia imulti-name igrouping icalculation ito iclassify itweets imirroring iunderstudies' iissues. i 

They iat ithat ipoint iutilized ithe icalculation ito iprepare ian iindicator iof iunderstudy iissues ifrom iaround 

i35,000 itweets iissued iat ithe igeo-area iof iPurdue iUniversity. iThis iwork, idisplays ia imethodology iand 

iresults ithat ishow ihow ieasygoing iweb-based isocial inetworking iinformation ican igive ibits iof 

iknowledge iinto iunderstudies' iencounters. i[3]. i 

Masses iof iclients ishare itheir iemotions ivia iweb-based inetworking imedia ilike iFacebook, imaking iit ia 

iprofitable istage ifor ifollowing iand iinvestigating iopen inotion. iInternet ibased ilife iis ione iof ithe 

igreatest istages iwhere imonstrous itexts iare idistributed ieach iday iwhich imakes iit ia iperfect ihotspot ifor 

icatching ithe isentiments itowards idifferent iinquisitive ipoints, ifor iexample, iitems, iproducts ior ibig 

inames, iand iso ion. iThe iprinciple iobjective iof ithis ipaper iis ito igive ia idiagram iof imost irecent iupdates 
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iin ifeeling iinvestigation iand icharacterization itechniques iand iit iincorporates ithe iconcise italk ion ithe 

idifficulties iof iSentiment ianalysis ifor iwhich ithe iwork ineeds ito ibe ifinished. iWe ilikewise idiscovered 

ithat ithe ivast imajority iof ithe iworks idone iare iin iview iof imachine ilearning istrategy ias iopposed ito ithe 

ilexicon-based itechnique i[4]. 

Sentiment ianalysis ihas ilikewise iended iwith iconceivable ifor iinvestigate ithe iinclinations iof ian 

iindividual. iSentiment ianalysis ipush ito ichoose ithe inegative, ineutral ior ipositive iperspectives ion ian 

iindividual idependent ion ihis iframe iof imind ion ia igiven ipoint. iBeforehand, iit iwas iutilized ifor ilexical 

ior isentence istructure ihighlight iextraction, iappointing ian iextremity imark ito ieach irecord ior icontent 

iunit. iNowadays, ilong irange iinformal icommunication idestinations isuch ias iFacebook, iTwitter 

idemonstrate ithe iimpact iof ienvironment ihave ion ionline iclients i[5]. i 

Sentiment iAnalysis iis iput itogether inot ijust iwith irespect ito ithe inegative ior ithen iagain ipositive 

ipolarity iof iarguments i& iideas, iit ialso iadditionally ion ithe ilinguistic idiagram iof ithe isentence ibeing 

iinvestigated. idifferent iframeworks iattempt itoward iperuse iamong iappearances, irecognizing 

iinformal ior icasual iarticulations, ioffering iunderstanding ito iinvalidations, ialtering iextremity iof 

iarguments iconstructing ion ithe irelated iverb imodifiers, idescriptors, iaction iwords, iconsidering 

iexplicit iutilitarian irationale isupplements.[6]. i 

The iwriters iplan ito iinvestigate ithe iremarks ior icomments ion ithe ilong-range iinformal 

icommunication isite iFacebook iand ito ibuild iup ithe imodule ithat ican idecide ithe iquantity iof iremarks, 

ilikes, ireposts. iFrom ithat ipoint, iwe ican idistinguish iinclines iin iclient iintrigue i(interest), iand ibuild iup 

itheir iFacebook ito iexpand ithe iquantity iof iobserving ivisits, iremarks i[7]. i 
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CHAPTER iFOUR i 

PERPOSED iMETHOODOLOGY 

4.1 iWorking iprinciple iof iSentiment iAnalysis? 

There iiare iinumerous iitechniques iiand iialgorithms iifor iiexecuting iisentiment iianalysis iiframeworks, 

iiand iican iibe iinamed iias iifollows: ii 

✓ Rule-based iisystem: iirule-based iisystem iiit iiperforming iidifferent iisentiment iianalysis 

iidependent iiin iidifferent iiphysically iimade iistandards. ii 

✓ Automatic iisystem: iithis iisystem iiis iidepending iiin iiAI ii(artificial iiintelligent) iior iimachine 

iilearning iistrategies iito iigain iifrom iiinformation iior iidata. ii 

✓ Hybrid iisystem: iihybrid iisystem iithat iijoin iiboth iiRule iibased iisystem iias iiwell iias iiautomatic 

iiapproaches. ii 

1) Rule-based iiapproaches 

As iia iirule, iirule-based iimethodologies iicharacterize iilot iiof iirules iiin iisome iikinds iiof iiscripting 

iilanguage iifor iirecognize iipolarity iiand iisubjectivity iiof iia iifeeling ii[1]. ii 

Rules iiare iiutilizing iian iiassortment iiof iisources iiof iiinfo iias iishown iibelow: ii 

✓ Classic iiNatural iilanguage iiprocessing iistrategies iilike iiparts iiof iispeech iitagging, iistemming, 

iitokenization. ii 

✓ Different iiassets, iifor iiexample, iilexicon iior iidictionaries ii(for iiexample iiexpression iiand iilist iiof 

iiwords). ii 

A iifundamental iicase iiof iia iiRule iibased iiexecution iiwould iibe iithe iiaccompanying: 

1. iiDefine iitwo iiarrangements iiof iiseparated iiwords ii(for iiexample iinegative iiwords, iifor iiexample, 

iiterrible, iievil iiand iipoorest iiand iipositive iiwords, iifor iiexample, iigreat, iibest, iibeautiful, iiand iiso iion). ii 

2. iiGiven iia iicontent: ii 

I. Count iiquantity iiof iipositive iiwords iishown iiup iion iicontent. ii 

II. Count iiquantity iiof iinegative iiwords iishown iiup iion iicontent. ii 

3. iiIf iithe iiquantity iiof iipositive iiword iipresences iiis iimore iinoteworthy iithan iithe iiquantity iiof iinegative 

iiword iipresences iireturns iia iipositive iisentiment, iialternately, iireturn iia iinegative iisentiment. 

iiSomething iielse, iireturn iineutral. iiThis iiframework iiis ii"naive" iibecause iiit iidoesn't iiconsider iihow 

iiwords iiare iijoined iifor iithe iiarrangement. iifor iifurther iideveloped iipreparing iiit iimay iibe iimade, iibut 

iithese iiframeworks iibecome iiintricate iirapidly. iiThey iican iibe iidifficult iifor iikeeping iiup iithe iinew 
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iistandards iimight iibe iiexpected iifor iiinclude iihelp iithe iivocabulary ii& iiexpressions. iiPlus, iiincluding 

iinew iistandards iimay iihave iiundesired iiresults iibecause iiof iithe iiconnection iiwith iipast iiguidelines. 

iiThus, iithese iiframeworks iirequire iivital iiinterests iiin iiphysically iituning iiand iikeeping iiup iithe iirules. 

2) Automatic iiApproaches 

Automatic iistrategies iior iimethod, iias iiopposed iito iiRule iibased iiframeworks, iidon't iidepend iion 

iiphysically iicreated iiguidelines, iihowever iion iiAI iiprocedures. iiThe iisentiment iianalysis iiassignment iiis 

iinormally iidemonstrated iias iia iiclassification iiproblem iiwhere iia iiclassifier iiis iifed iiwith iia iicontent iior 

iitext iiand iireturns iithe iicomparing iiclassification, iifor iiexample iipositive, iinegative, iior iineutral ii(on iithe 

iioff iichance iithat iipolarity iianalysis iiis iibeing iiperformed). ii 

Said iiAI iior iimachine iilearning iiclassifier iican iimore iioften iithan iinot iibe iiexecuted iiwith iithe 

iiaccompanying iiadvances iiand iiparts: 

 

Figure ii4.1 iiflow iichart iihow iito iitrain iithe iimodel 

The iiTraining iiand iiPrediction iiProcesses 

In iithe iitraining ii(preparation) iiprocedure ii(a) iiour iimodel iifigures iiout iihow iito iirelate iia iispecific 

iinformation ii(for iiexample iia iicontent ii(text)) iito iithe iirelating iiyield ii(tag) iiin iilight iiof iithe iitest iitests 

iutilized iifor iipreparing. iiThe iicomponent iiextractor iiexchanges iithe iicontent iicontribution iito iian 

ielement iivector. iiSets iiof iihighlight iivectors iiand iitags ii(for iiexample iipositive, iinegative, iior iineutral) 

iare iifed iiinto iithe iiAI iicalculation iito iiproduce iia iimodel. ii 

In iithe iiexpectation iiprocedure ii(b), iithe iielement iior iifeature iiextractor iiis iiutilized iito iichange 

iinconspicuous iicontent iicontributions iito iiinclude iivectors. iiThese iielement iivectors iiare iithen iifed iiinto 

ithe iimodel, iiwhich iiproduces iianticipated iilabels ii(once iimore, iipositive, iinegative, iior iineutral). ii[8] ii 

Feature iiextraction iifrom iitext 
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The iifirst iistep iiin iia iimachine iilearning iitext iiclassifier iiis iito iitransform iithe iitext iiinto iia iinumerical 

irepresentation, iiusually iia iivector. iiUsually, iieach iicomponent iiof iithe iivector iirepresents iithe 

ifrequency iiof iia iiword iior iiexpression iiin iia iipredefined iidictionary ii(e.g. iia iilexicon iiof iipolarized 

iwords). iiThis iiprocess iiis iiknown iias iifeature iiextraction iior iitext iivectorization iiand iithe iiclassical 

iapproach iihas iibeen iibag-of-words iior iibag-of-n iigrams iiwith iitheir iifrequency. 

More iirecently, iinew iifeature iiextraction iitechniques iihave iibeen iiapplied iibased iion iiword iiembeddings 

i(also iiknown iias iiword iivectors). iiThis iikind iiof iirepresentations iimakes iiit iipossible iifor iiwords iiwith 

isimilar iimeaning iito iihave iia iisimilar iirepresentation, iiwhich iican iiimprove iithe iiperformance iiof 

iclassifiers. 

Classification iiAlgorithm 

The iiclassification iistep iimore iioften iithan iinot iiincludes iian iiaccurate iimodel iilike iiNaïve iiLogistic 

iRegression, iiBayes, iiSupport iiVector iiMachines, iior iiNeural iiNetworks: ii 

✓ Naïve iiBayes: iia iigroup iiof iiprobabilistic iicalculations iior iialgorithms iithat iiutilizes iiBayes' 

iiTheorem iito iiforesee iithe iiclassification iiof iia iicontent iior iitext iiand iispecifically iifor iithis 

iiproject iiwe iiare iiapplying iinaïve iiBayes iiclassification iialgorithm. ii 

✓ Linear iiRegression: iia iivery iioutstanding iicalculation iiin iiinsights iiused iito iianticipate iisome 

iivalue ii(Y) iigiven iia iilot iiof iihighlights ii(X). ii 

✓ Support iiVector iiMachines ii(SVM): iia iinon-probabilistic iimodel iiwhich iiutilizes iia 

iirepresentation iiof iitext iior iicontent iiprecedents iias iifocuses iiin iia iimultidimensional iispace. 

iiThese iimodels iiare iimapped iiwith iithe iigoal iithat iithe iiinstances iiof iithe iidiverse iiclasses 

ii(Sentiments) iihave iia iiplace iiwith iiparticular iidistricts iiof iithat iispace... iiAt iithat iipoint, iinew 

iimessages iiare iimapped iionto iithat iiequivalent iispace iiand iianticipated iito iihave iia iiplace iiwith iia 

iiclassification iidependent iion iiwhich iilocale iithey iifall iiinto. ii 

✓ Deep iiLearning: iia iidiffering iiset iiof iicalculations iior iialgorithms iithat iiendeavors(attempts) 

iito iiimpersonate iihow iithe iihuman iimind iifunctions iiby iiutilizing iiartificial iineural iisystems iito 

iiprocess iiinformation. 

Sentiment iianalysis iievaluation iiand iimetrics 

There iiare iinumerous iimanners iiby iiwhich iiyou iican iiget iiexecution iimeasurements iior iimetrics iifor 

iassessing iia iiclassifier iiand iito iisee iihow iiexact iian iiopinion iiinvestigation iidemonstrate iiis. iiA iistandout 

iamongst iithe iimost iievery iinow iiand iiagain iiutilized iiis iicalled iicross-validation. ii 

https://monkeylearn.com/blog/beginners-guide-text-vectorization/
https://monkeylearn.com/blog/beginners-guide-text-vectorization/
https://machinelearningmastery.com/gentle-introduction-bag-words-model/
https://www.quora.com/What-is-the-difference-between-bag-of-words-and-bag-of-n-grams
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What iicross-validation iiis iipart iithe iipreparation iiinformation iifor iia iispecific iinumber iiof iipreparing 

ifolds ii(around ii70% iiof iithe iiinformation iior iitext) ii& iialso iisimilar iinumber iiof iitest iidata ii(around ii30% 

iof iithe iitraining iiinformation), iiutilize iithe iipreparation iifolds iito iiprepare iithe iiclassifier, ii& iithe iitest iiis 

iagainst iithe iitesting iifolds iifor iiacquiring iiexecution iimeasurements. iiThe iiprocedure iiis iirepetitive 

ionivarious iioccasions ii& iia iinormal iito iievery iione iiof iithe iimeasurements iiis iidetermined. ii 

On iithe iioff iichance iithat iithe iitesting iiset iiis iidependably iito iithe iiequivalent, iiit iimay iibe iioverfitting iito 

ithe iitesting iiset, iithat iiimplies iiit iimay iichange iithe iiinvestigation iifor iithe iigiven iiarrangement iiof 

iinformation iiso iiit iimay iineglect iifor iibreaking iidown iian iialternate iiset. iiCross-validation iikeeps iias iithe 

imaximum iiinformation iiis iiavailable iiand iias iithe iicrassness iiis iiincreasing iialmost iicertainly iiutilizes. 

Recall, iiaccuracy ii& iiprecision 

Recall, iiaccuracy ii& iiprecision iiare iinormal iimeasurements iiutilizes iifor iiassess iithe iiexecution iiof iia 

iclassifier. iiPrecision iiestimates iihow iimany iicontents iiwere iianticipated iieffectively iihaving iia iiplace 

iwith iia iispecified iiclassification iiout iiof iithe iimajority iiof iithe iitext iithat iiwere iianticipated ii(accurately 

i& iinone iiaccurately) iias iihaving iia iiplace iiwith iithe iiclassification. iiRecall iiestimates iiwhat iinumber iiof 

itexts iiwere iianticipated iiaccurately iias iihaving iia iiplace iiwith iia iigiven iiclassification iiout iiof iithe 

iconsiderable iinumber iiof iitexts iithat iiought iito iihave iibeen iianticipated iias iihaving iia iiplace iiwith iithe 

iclassification. iiWe iilikewise iirealize iias iinumber iithe iiof iiinformation iiincrease iithe iiclassifiers 

iindicates iithat iibetter iirecall. ii 

Accuracy iiestimates iiwhat iinumber iiof iiwritings iiwere iianticipated iieffectively ii(both iias iihaving iia 

iplace iiwith iia iiclass iiand iinot iihaving iia iiplace iiwith iithe iiclass) iiout iiof iithe iimajority iiof iithe iitexts iiin iithe 

icorpus. ii iiMaximum iirecall iiand iiprecision iiare iiutilized iito iimeasure iiexecution iibecause iiaccuracy 

ionly iicannot iithat iimuch iiregarding iihow iito iifortunate ii(unfortunate) iia iiclassifier iiis. ii 

For iia iitroublesome iiundertaking iilike iisentiment iianalysis, iirecall ii& iiprecision iilevels iiare iiprobably 

igoing iito iidecrease iiat iithe iibeginning. iiIf iiwe iifeed iithe iiclassifier iiwith iimaximum iiinformation, 

iexecution iiwill iiimprove. iiNonetheless, iiin iifeature iiif iiwe iisee iiunderneath, iibecause iiof iiclarified 

iinformation iiisn't iiprobably iigoing iito iibe iiexact, iithe iiodds iiare iithat iiaccuracy iilevels iiwon't iiget 

iexcessively iihigh. iiNotwithstanding, iiin iithe iievent iithat iiyou iifeed iithe iiclassifier iireliably iilabeled 

iinformation, iiresults iiwill iibe iiin iithe iisame iiclass iithat iimeans iithe iiresult iiis iithe iicreates iisome iiother 

iorder iiissue. 
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Inter iiannotator iiagreement 

With iiregards iiof iithe iiinter iiannotator iiagreement ii(for iiexample iiunderstanding iiof iipeople iion iia iigiven 

icomment iiduty), iia iistandout iiamongst iithe iigreatest iioftentimes iiutilized iimeasurements iifor 

iKrippendorff's iiAlpha. iiAs iiper iiSaif iiet iial., iibest iiinter iiannotator iiagreement iifor iiFacebook iiand 

iTwitter iisentiment iianalysis iiachieves ii0.655 iiestimation iiof iiKrippendorff's iiAlpha. ii[9]. iiThis iiimplies 

iiis iia iidecent iiarrangement iifor iiunderstanding ii(because iialpha iiis iialways iigreater iithan ii0), iibut iiwe 

iitrust iistill iia iilong iiway iito iiextraordinary ii(fore iiexample: iiabout ii0.8 iiis iibase iireliability iiquality iiedge 

iisocietal iiresearchers iiutilizes iiso iias iifor iistate iiinformation iiis iidependable). ii 

All iithings iiconsidered, iithis ii0.655 iiis iia iipointer iiof iithe iitrouble iiof iifeeling iiexamination iidiscovery 

iifor iipeople iialso. iiMulling iiover iithat iimachines iigain iifrom iithe iiinformation iithey iiare iiencouraged 

iiwith, iiprogrammed iiforecasts iiare iiprobably iigoing iito iireflect iithe iihuman iicontradiction iiimplanted 

iiin iithe iiinformation. 

3) Hybrid iiApproaches 

The iiidea iiof iihybrid iitechniques iiis iiextremely iiinstinctive: iisimply iijoin iithe iibest iiof iithe iitwo 

iuniverses, iithe iirule iibased iiand iithe iiautomatic iiapproaches. iiAs iia iirule, iiby iiconsolidating iithe iitwo 

imethodologies iior iitechniques iican iiimprove iiprecision iiand iiaccuracy. ii 

Assessment iiAnalysis iiChallenges ii 

The iigreater iipart iiof iithe iieffort iiin iisentiment iianalysis iias iiof iilate iihas iibeen iiabout iigrowing 

iincreasingly iisentiment iiclassifier iiis iimanaging iia iiportion iito iiprimary iidifficulties ii& iirestrictions iiin 

ithe iifield. ii 

Subjectivity ii& iiTone ii 

The iidiscovery iiin iiobjective ii& iisubjective iicontents iiis iisimilarly iito iicritical iibreaking iidown iitheir 

iquality. iiActually, iiassume iiobjective iitexts iidon't iicontain iiexplicit iifeelings. iifor iiinstance, iiyou iimean 

ito iiinvestigate iithe iiopinion iiof iithe iitwo iicontents iibelow: ii 

✓ This iibundle iiis iidecent. ii 

✓ This iibundle iiis iired. ii 

A iigreat iimany iipeople iican iistate iithe iipositive iicertain iifor iito iifirst iitext ii& iialso iineutral iito iithe iisecond 

itext. iiAll iiestablishes ii(descriptive iiwords, iiaction iiwords, iiand iisome iinouns) iiought iinot iibe iidealt iiwith 

ithe iiequivalent iiconcerning iihow iithey iimake iiassessment. iiIn iithe iimodels iiabove, iisubjective iiis iimore 

iabstract iithan iired. 
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Polarity iiand iiContext 

All iispeeches iiare iiexpressed iieventually iiin iitime, iiin iisome iispot iiby iiand iito iicertain iiindividuals iiyou 

get iithe iipoint. iiAll iiexpressions iiare iiarticulated iiin iisetting. iiBreaking iidown iiestimation iiwithout 

isetting iigets iientirely iitroublesome. iiBe iithat iias iiit iimay iimachines iican't iifind iiout iiabout iisettings iion 

ithe iioff iichance iithat iiis iinot iireferenced iiclearly. iisome iiof iithe iiissues iiemerge iito iichanges iithe iisetting 

ipolarity. iiThe iifollowing iireactions iito iian iioverview: ii 

✓ All iiare iiok. ii 

✓ Literally iinothing! ii 

To iivisualize iithe iireactions iilisted iibefore iioriginate iifrom iiresponses iito iithe iiinquiry iiWhat iidid iiyou 

ilike iiabout iithe iioccasion? iiThe iiessential iiresponse iiwould iimake iicertain iiand iithe iisecond iione iiwould 

ibe iinegative, iiisn't iithat iiso? iiBy iiand iiby, iienvision iithe iiresponses iibegin iifrom iianswers iito iithe iirequest 

What iidid iiyou iiDislike iiabout iithe iievent? iiThe iinegative iiin iithe iirequest iiwill iimake iiincline 

examination iichange iitotally. iiA iibetter iithan iiaverage iicourse iiof iiaction iiof iipreprocessing iior iipost 

handling iiwill iibe iirequired iiif iiwe iiare iito iiconsider iiat iiany iirate iisome iibit iiof iithe iisetting iiwhere 

compositions iiwere iimade. iiRegardless, iihow iito iipreprocess iior iipost iiprocess iidata iiin iiorder iito iiget    

the iibits iiof iisetting iithat iiwill iihelp iibreak iidown iislant iiisn't iiclear. 

Comparisons 

Step iiby iistep iiinstructions iito iitreat iiexaminations iiin iisentiment iianalysis iiis iianother iitest iiworth 

iihandling. iiTake iia iigander iiat iithe iiwritings iibeneath: ii 

✓ This iiitem iiis iibest iiin iiclass. ii 

✓ This iiis iisuperior iito iiold iiinstruments. ii 

✓ This iiis iisuperior iito iinothing. ii 

There iiare iia iifew iicomparisons iilike iithe iifirst iiover iithat iineedn't iibother iiwith iiany iilogical iipieces iiof 

iinformation iiso iias iito iibe iicharacterized iiaccurately. ii 

The iisecond iiand iithird iimessages iiare iisomewhat iiharder iito iigroup, iihowever. iiOK iigroup iithem iias 

ipositive iior iineutral? iiMost iilikely, iiyou iiare iibound iito iipick iipositive iifeeling iito iithe iisecond ii& iineutral 

ifeeling iito iithe iithird, iiisn't iithat iiso? iiIndeed, iisetting iican iihave iiany iikind iiof iieffect. iiFor iiinstance, iiif 

ithe iiold iiinstruments iithe iisecond iicontent iidiscussions iiabout iiwere iiviewed iias iifutile iiin iisetting, iiat 

ithat iipoint iithe iisecond iicontent iiends iiup iibeing iitruly iilike iithe iithird iicontent. iiIn iiany iicase, iiif iithere iiis 

ino iisetting iigiven iithose iicontents iisense iiextraordinary ii[8]. 
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Emojis 

There iiare iitwo iisorts iiof iiemoticons iias iiper iiGuibon iiet iial.. iiWestern iiemoticons ii(for iiexample ii:D) iiare 

iencoded iiin iijust iia iisingle iicharacter iior iiin iia iimix iiof iiseveral iithem iithough iiEastern iiemoticons ii(for 

iexample ii¯ ii\ ii_ ii(ツ) ii_/¯) iiare iimore iidrawn iiout iiblend iiof iifonts iiof iia iiperpendicular iisort. iiEspecially 

iin iitweets, iiemoticons iiassume iilike iijob iifor iithe iisupposition iiof iiwritings. ii 

Estimation iiinvestigation ii(SA) iiperformed iiover iitweets iirequires iiunique iithoughtfulness iiregarding 

icharacter iilevel iijust iias iiword iilevel. iiBe iithat iias iiit iimay, iiregardless iiof iihow iimuch iiconsideration iito 

ipay iifor iievery iigreat iideal iiof iipreprocessing iimay iirequire. iiFor iiinstance, iiyou iimay iineed iito 

ipreprocess iiweb-based iilife iitext ii& iichange ii iieastern ii& iiwestern iiemoticons iifor iiwhitelist ii& iitokens 

i(for iiexample iicontinuously iiaccept iithe iicomponents iito iigroup iipurposely) iiso, iito iisupport iithe 

iimprove iiassumption iiinvestigation iiexecution. iiThis iiis iivery iithorough iirundown iifor iiemoticons ii& 

itheir iiUnicode iifonts iito iiprove iito iibe iiuseful iiwhile iipreprocessing. ii 

Defining iiof iineutrality ii 

To iicharacterizing iiwhat iiwe iimean iiby iineutral iiis iianother iitest iiin iihandling iiso iias iifor iiperforming 

iprecise iiassessment iiexamination. iifor iiall iiarrangement iiissues, iicharacterizing iifor iidifferent iiclasses 

i& iifor iisuch iisituation iithe iiunbiased iitag iiis iia iistandout iiamongst iithe iiimperative iipieces iiof iidifferent 

iissue. iiWhat iido iiyou iimean iithe iiunbiased, iinegative iior iipositive iiit iimakes iia iidifference iiwhen iiyou 

itrain iisupposition iiinvestigation iirepresentations? iibecause iilabeling iiinformation iineeds iito iilabeling 

iprinciples iibe iipredictable iithe iigreat iimeaning iiof iidifferent iiissues iiis iian iiabsolute iinecessity. ii 

The iifollowing iicertain iithoughts iiin iiwhich iian iiunbiased iitag iimay iiinclude: 

1. iiThe iifirst iione iiis iiObjective iicontent. iiThis iiis iialleged iitarget iiwritings iidon't iicontain iiexpress 

iassessments, iiso iiyou iiought iito iiincorporate iithose iitexts iiinto iithe iineutral iiclass. ii 

2. iiThe iisecond iione iiis iiIrrelevant iidata. iiOn iithe iioff iichance iithat iiyou iihaven't iipreprocessed iiyour 

iinformation iito iisift iithrough iisuperfluous iidata, iiyou iican iilabel iiit iinonpartisan. iiBe iithat iias iiit iimay, iibe 

icautious! iiPossibly iido iithis iion iithe iioff iichance iithat iiyou iiknow iihow iithis iicould iiinfluence iiby iiand 

ilarge iiexecution. iiAt iitimes, iiyou iiwill iiadd iicommotion iito iiyour iiclassifier iiand iiexecution iicould 

ideteriorate. ii 

3. iiThe iithird iiis iicontent iicontaining iiwishes. iiA iifew iiwishes iilike iiI iiwish iithe iiitem iidifficult iito 

iincorporation iicommonly iiunbiased. iiIn iiany iicase, iithose iiincluding iicorrelations, iisimilar iito iiwish  

ithe iiitem iiin iiwhich iiis iibetter iiare iitruly iihard iito iisort. 
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Accuracy iiof iisentiment iianalysis 

This iisentiment iianalysis iiis iia iimassively iitroublesome iiundertaking iinotwithstanding iifor iipeople. iiAll 

ithings iiconsidered; iiopinion iiinvestigation iiclassifiers iiprobably iiwon't iibe iias iiexact iias iidifferent 

ikinds iiof iiclassifiers. iiKeep iiin iimind iithat iibetween iiannotator iiunderstanding iiis iientirely iilow iiand  

ithat iimachines iigain iifrom iithe iiinformation iithey iiare iinourished iiwith. ii 

All iithings iiconsidered, iiyou iimay iistate, iiis iiit iiworth iithe iiexertion? iiThe iiappropriate iiresponse iiis 

istraightforward: iiit iibeyond iiany iidoubt iiis iijustified, iidespite iiall iithe iitrouble! iiOdds iiare iithat iifeeling 

iexamination iiexpectations iiwill iinot iibe iiright iioccasionally, iiyet iiby iiutilizing iisupposition 

iinvestigation iiyou iiwill iiget iithe iichance iito iitake iicare iiof iibusiness iiaround ii70-80% iiof iithe iioccasions 

iyou iipresent iiyour iiwritings iifor iigrouping. ii 

In iithe iievent iithat iiyou iior iiyour iiorganization iihave iinot iiutilized iisupposition iiexamination  

ipreviously, iiat iithat iipoint iiyou'll iisee iisome iiimprovement iiactually iirapidly. iiFor iirun iiof iithe iimill iiuse 

icases, iifor iiexample, iiticket iidirecting, iibrand iiobserving, iiand iiVOC iiexamination iior iiAnalysis, iithis 

iimplies iiyou iiwill iispare iia iigreat iideal iiof iitime iiand iicash ii- iiwhich iiyou iiare iiprobably iigoing iito iiput 

iresources iiinto iiinternal iimanual iieffort iithese iidays iispare iiyour iigroups iiabout iidisappointment, ii& 

iincrement iiyour ii iiproductivity ii[10]. ii 

4.2 iiProcedures iiof iiSentiment iiAnalysis ii 

Now iia iiday iimost iiof iipeoples iiof iithe iiworld iiare iiusing iisocial iinetwork iisites iilike iiFacebook iiand 

itwitter, iibut iispecifically iithis iiproject iiis iifocused iion iiFacebook iiand iithis iiFacebook iicontains ii5000 

icharacters iifor iiall iistatus iiof iicomments iiand iiupdates. iiFrom iiFacebook iiwe iihave iito iicollect iidifferent 

idata iiin iithe iicorpus ii& iisave iiall iiof iithem iias iitext iifile iiusing iiFacebook iigraph iiAPI iiwith iithe iisupport 

iof iipython iiscript ii[1]. ii 

 

Figure ii4.2 iiflow iichart iiof iithe iiprocess 

I. Data iicollection: ii-includes iisources iiof iisignificant iiinformation iifrom iithe iichose iisocial 

iimedia iisites ii(Facebook, iifor iiinstance). iiIt iiought iito iibe iifocused iion, iithat iithe iiexploration 
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iimaterial iigathered iiat iithis iistage iiis iispoken iito iiby iidisordered iiinformation, iiwith iieveryday 

iilanguage, iislang, iineologisms, iitruncations iior iiaugmentations. ii 

II. Text-Preprocessing: ii-at iithis iistage, iiunnecessary iidata iiis iiremoving iiout iiand iinon-content 

iiinformation iieliminated. iiInformation iiquality iishould iibe iicareful iiwith iithe iifollowing 

iithings: ii 

✓ Eliminating iisite iilocations iiand iireplace iithem iiby iiword iiURL ii(unified iiresource 

iilocator), ii 

✓ In iiexpressions, iifor iiexample, ii#name iieliminate ii#, iiand iileave iithe iiname iias iiit iiwere, ii 

✓ Eliminate iispaces iiand iipunctuation iimarks iifrom iithe iicontent. 

III. Training iidata: ii- iiIn iithis iistage iiwe iihave iialready iithe iiclean iidata iifrom iiabove iistage, iiwe 

iitrain iiour iidata iiusing iidifferent iitechniques iiof iicalculating iipolarity iiof iithe iitext. ii 

IV. Implementation iior iiresult: ii- iihere iiis iithe iifinal iistage iiof iiour iiwork, iithat iiis iiclassifying iiour 

iitext iiusing iinaïve iiBayes’ iiclassification iialgorithm iiusing iifinal iiresult iiof iiAccuracy, 

iiPrecision iiand iiRecall. 

4.3 iiFacebook iigraph iiAPI 

To iiuse iithe iiFacebook iiGraph iiAPI iieffectively, iiwe iineed iia iirecord iion iiFacebook iiand iimake iia 

iplanners iiaccount iiin iithe iiFacebook iifor iidesigners' iiarea. iiat iithis iipoint iiFacebook iiwill iiempower iiyou 

ito iiexpel iiall iithe iiopen iidata iifrom iiany iiopen iigatherings, iipages iior iieven iifrom iithe iiopen iior iiopen 

iprofile. iiFor iithis iicircumstance iiwe iishould iibe iisecure iiapplication iitoken iiwhich iiis iigiven iiby iithe 

iFacebook iiapplication. iiBy iithis iitoken iiFacebook iiget iiattestation iior iiaffirmation iiabout iithe iivalidity 

iof iithe iicustomers. iithis iitoken iigets iiterminated iiinside iia iibrief iispan iiroughly iiinside ii60 iiminutes. iiOn 

ithe iiother iihand, iianother iimethodology iiis iito iiutilize iithe iilink iitype iiof iiFacebook iiapplication iiID ii& 

iFacebook iiSecret iiID iito iiutilize iiit iias iithe iiaccess iitoken. iiIt iican’t iinever iiterminate ii[11]. ii ii 

In iithe iifigure ii4.3 iibelow iiFacebook iigraph iiAPI iiis iiaccess iionly iiby iiusing iiunique iiuser iiaccess iitoken 

ifor iieach iiand iievery iiprofile iior iigroup iipage. iiLet’s iisay iifor iimy iiprofile iiis iithe iiunique iiaccess iitoken iiis 

i“EAADX5UbkyhUBAORZBs8jW4pl4wmeoAX9md3LeDd5H5DIcDZB3P4k9JBqNBC9yd

VjLZCcmsXHcgDq7gqYjFHs0OA8nZChhQZAPuz39MKaKpNLSM3P85pUc2lD8RLm7g

oBZC44V2BADgOmfTJPliLVZAazWmvTKZCZAfawYv4JyniHt8AV20zMJwdAC5cZBm

zXcCcdQZD” iiand iithis iiaccess iitoke iiis iiaccessible iionly iifor iilimited iitime iithat iiis iiafter iia iifew iitime 

iminutes iiit iiwill iiexpired. ii ii 
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4.3.1 iiPython iiscript ii 

In iithe iiwake iiof iiaccomplishment iiof iithe iiverification iiFacebook iiis iiutilize iifrom iiFacebook iiGraph 

iAPI iideveloper iiis iiprepared iidata iiby iiextracting iithe iiinformation iior iicomments. iiFor iisuch iikinds iiof 

isituation ii iiPython iilibraries iiand iiPython iicontent iior iipython iiscrips iiare iiused iito iito iiextract iithe 

iinformation iifrom iitheir iiwebsite iiof iiFacebook iigraph iiAPI ii[12]. iiOur iicontent iiis iiworking iigood iiin 

iPython ii2.9 iior iimore. iiit iineeds iia iifew iiexceptional iiincluded iilibraries iiin iiour iicontent, iifor iiexample, 

iJason, iiNaïve iiBayes iiClassifier, iitime iiand iicsv. 

 

Figure ii4.3 iigraph iiFacebook iifor iidevelopers 

The iiabove iifigure ii4.3 iigraph iiAPI iiFacebook iideveloper iiis iian iiapplication iito iiextract iiFacebook 

iinformation iias iideveloper iifrom iiFacebook iiprofile, iibut iito iiaccess iithis iiapplication iifirst iiof iiall iiwe 

ihave iito iicreate iiFacebook iiapp iiaccount iias iideveloper iiin iiFacebook iigraph iiAPI iiapplication iiwith iia 

iunique iiaccess iitoken iito iiaccess iithe iiwhole iiFacebook iiprofile iilike iigroups, iipages, iinumber iiof iilikes, 

inumber iiof iicomments, iinumber iiof iishares iifrom iispecific iiFacebook iiprofile iiand iialso iiwe iihave iito iihit 

ithe iiaccess iipermission iiperimetries iibefore iistar iithe iinavigation iior iisearching. ii ii 
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CHAPTER iiFIVE 

EXPERIMENTAL iiDESIGN 

5.1 iiExperimental iiResult 

Now iiwe iiwill iitalk iiabout iithe iiexperimental iistructure iisetup iirequired iito iiget iithe iioutcomes iiof 

sentiment iianalysis. iiThe iisentiment iianalysis iiclassifier iiincludes iia iiprogression iiof iisteps iilike iidata 

collection, iidata iiextraction, iinaive iiBayes iiclassifier, iiand iicreating iiconfusion iimatrix iiand iilastly 

imaking iian iiexpectation iimodel. iiIn iithis iiway, iiwe iihave iiexecuted iian iiapparatus iiin iipython iithat iiplays 

iout iievery iione iiof iithese iiprocedures iion iithe iiinformational iiindex iithat iicontains iinaive iiBayes 

iclassifier iijust iias iiinterpretation iifor iieach iiexample. 

Text iiBlob: ii- iiText iiBlob iiis iifound iiat iithe iitop iiof iiNLTK iitool iiand iiit iiincludes iipython ii2 ii& iipython 

i3 iilibraries iito iihandle iifictional iicontent iior iiinformation. iiIt iigives iia iisteady iiAPI iito iiplunging iiinto 

ipublic iiNLP ii(natural iilanguage iiprocessing) iiassignments; iifor iiexample, iiPOS, iithing iiphrase 

iextraction, iiconclusion iiexamination, iiand iithe iisky iiare iithe iilimit iifrom iithere. 

Text iiBlob iimeans iito iigive iiaccess iito iibasic iitext-processing iitasks iithrough iia iinatural iiinterface. iiYou 

ican iitreat iiText iiBlob iiprotests iias iithough iithey iiwere iiPython iistrings iithat iifigured iiout iihow iito iido 

iNatural iiLanguage iiProcessing ii(NLP). 

Text iiBlob iiis iia iipython iilibrary iiand iioffers iia iistraightforward iiAPI iito iiget iito iiits iitechniques iiand 

iperform iifundamental iiNLP iiassignments. iisomething iiworth iibeing iithankful iifor iiabout iiText iiBlob iiis 

ithat iithey iiare iimuch iithe iisame iias iipython iistrings. iiAlong iithese iilines, iiyou iican iichange iiand iiplay 

iwith iiit iisame iias iiwe iidid iiin iipython. ii 

The iisupposition ii(assessment) iiproperty iireestablishes iia iinamed iituple iiof iithe iistructure iiSentiment 

i(subjectivity, iipolarity). iiThe iipolarity iiscore iiis iia iifloat iiinside iithe iirange ii[-1.0, ii1.0]. iiThe 

isubjectivity iiis iia iifloat iiinside iithe iirange ii[0.0, ii1.0] iiwhere ii0.0 iiis iiamazingly iitarget iiand ii1.0 iiis 

iemotional. iiOn iithe iioff iichance iithat iino iisource iilanguage iiis iidetermined, iiText iiBlob iiwill iiendeavor 

i(attempt) iito iiidentify iithe iilanguage. iiYou iican iiindicate iithe iisource iilanguage iiexplicitly, iias iiso. 

iRaises iiTranslator iiError iiif iithe iiText iiBlob iican't iibe iiconverted iiinto iithe iimentioned iilanguage iior iiNot 

Translated iiif iithe iideciphered iioutcome iiis iiequivalent iito iithe iiinfo iistring. 
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5.1 Text Blob classifying of texts in to positive and negative accuracy 

Since, iifrom iithe iiabove iifigure ii5.1 iiwe iican iiconclude iithat iifrom iiaround ii7525 iigiven 

sample iitexts iiaround ii ii83.41% iiare iipositive iiaccuracy iivia ii4546 iisamples iiand ii100% 

are iinegative iiaccuracy iivia ii2979 iisamples iithis iiindicates iithat ii iialmost iiall iithe negative 

texts iior iisentence iiare iiall iipure iinegative iisentence iior iitexts iibecause ii100% iipure 

negative iiaccuracy iiis iithe iiresult iishowing iiand iicontrasting iifrom iiaround ii4546 iisample 

sentence iior iitexts iiwe iiget ii83.41% iipositive iiaccuracy iithat’s iigood iimost iiof iiaround 

83% iiof iithe iisentence iior iitexts iiare iipositive. 
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Figure 5.2 Text Blob classifying of iisample text as pos and neg for training and test data 

From iithe iiabove iifigure ii5.2 iitext iiblob iitool iiwe iihave iitwo iisample iitext iitraining iitext iiand iitest iitex and 

from iithis iitext iiusing iitext iiblob iiand iiNaïve iiBayes iiclassifier iiwe iiclassify iithe iitext iiin iitwo iias iipos iiand 

ineg iiand iialso, iiwe iicalculated iithe iiprobability iidistrict iimatrix iivalue.so iithat iithe iifirst iisentence iior 

itext ii“the iibeer iiwas iigood” iiis iia iipositive iisentence iithe iimessage iiis iibeer iiwas iinice iiand iiit’s 

probability iidistrict iivalue iiis ii0.63 iithat iiis ii63% iiof iithe iisentence iiis iipositive iiaccuracy iiand iifrom iithe 

isecond iisentence iior iitext ii“This iione’s ii iia iidoozy” iiis iia iinegative iisentence iimeans iithe iithings iiare 
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idoozy iiand iiit’s iiprobability iidistrict iivalue iiis ii0.37 iithat iiis ii37% iiof iithe iisentence iiis iinegative 

iaccuracy. 

VADER iiSentiment iiAnalysis: ii- iiVADER iiSentiment iiAnalysis iiis iidescribed iias iiVADER 

i(Valence iiAware iiDictionary iiand iisentiment iiReasoner) iiis iia iistandard iibased iiand iia iivocabulary 

inotion iiexamination iiapparatus iithat iiis iiexpressly iidelicate iito iiestimations iiimparted iiin iiweb-based 

ilife, iiand iicapacities iioutstandingly iion iicompositions iifrom iivarious iiregions. iiVADER ii(Valence 

iAware iiDictionary iifor iisentiment iiReasoning) iiis iia iimodel iiutilized iifor iicontent iiconclusion 

iinvestigation iithat iiis iimore iisensitive iito iiboth iipolarity ii(positive/negative) iiand iiintensity ii(quality) iof 

feeling. iiPresented iiin ii2014, iiVADER iitext iiopinion iiinvestigation iiutilizes iia iihuman-driven 

imethodology, iiconsolidating iisubjective iiexamination iiand iiexperimental iiapproval iiby iiutilizing 

ihuman iiraters iiand iithe iiastuteness iiof iithe iigroup. 

In iithis iipost, iiwe'll iitalk iiabout iihow iiVADER iifeeling iiinvestigation iiascertains iithe iisentiment iiscore 

of iian iiinformation iicontent. iiIt iiconsolidates iia iiword iireference, iiwhich iimaps iilexical iihighlights iito 

ifeeling iipower, iiand iifive iistraightforward iiheuristics, iiwhich iiencode iihow iirelevant iicomponents I 

addition, iidecrement, iior iiinvalidate iithe iiassessment iiof iicontent. iithink iiabout iithe iiaccompanying 

sentences: ii"The iifood iiis iiinteresting." iiAnd ii"I iihate iithat iiman." ii 

Do iiyou iiget iia iifeeling iiof iithe iiemotions iithat iithese iisentences iiinfer? iiThe iifirst iiplainly iipasses iion 

positive iifeeling, iiwhile iithe iisecond iipasses iion iinegative iifeeling. iiPeople iipartner iiwords, 

expressions, iiand iisentences iiwith iifeeling. iiThe iifield iiof iiText iiSentiment iiAnalysis iiendeavors iito 

iutilize iicomputational iicalculations iiso iias iito iiunravel iiand iimeasure iithe iifeeling iicontained iiin iimedia, 

for iiexample, iicontent, iisound, iiand iivideo. 

Text iiSentiment iiAnalysis iiis iia iihuge iifield iiwith iia iigreat iideal iiof iiacademic iiliterature iibehind iiit. 

Nevertheless, iiits iitools iiactually iisimply iicome iidown iito iitwo iimethodologies: iithe iilexical  

methodology iiand iithe iimachine iilearning iiapproach. ii 

Lexical iimethodologies iiexpect iito iioutline iito iisentiment iiby iistructure iia iivocabulary iior iia ii'word 

reference iiof iifeeling.' iiWe iican iiutilize iithis iilexicon iito iievaluate iithe iiopinion iiof iiexpressions iiand 

sentences, iiwithout iithe iineed iiof iitaking iia iigander iiat iiwhatever iielse. iiConclusion iican iibe iistraight iiout 

ii–, iifor iiexample, ii{negative, iineutral, iipositive} ii– iior iiit iitends iito iibe iinumerical ii– iilike iia iiscope iiof 

iiforces iior iiscores. iiLexical iimethodologies iitake iia iigander iiat iithe iisentiment iiclass iiof iieach iiword iiin 

ithe iisentence ii& iichoose iiwhat iinotion iiclassification iiof iithe iientire iisentence iiis. iiThe iiintensity iiof 

ilexical iimethodologies iilies iiin iithe iiway iithat iiwe iidon't iihave iito iiprepare iia iimodel iiutilizing iinamed 
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iinformation, iisince iiwe iihave iiall iithat iiwe iihave iito iisurvey iithe iisupposition iiof iisentences iiin iithe 

ilexicon iiof iifeelings. iiVADER iiis iia iicase iiof iia iilexical iitechnique. iimachine iilearning iiapproaches, 

ithen iiagain, iitake iia iigander iiat iirecently iimarked iiinformation iiso iias iito iidecide iithe iifeeling iiof iiat iino 

iother iitime iiseen iisentences. iiThe iimachine iilearning iiapproach iiincludes iipreparing iia iimodel iiutilizing 

irecently iiobserved iicontent iito iianticipate/group iithe iiconclusion iiof iisome iinew iiinformation iicontent. 

iThe iigood iithing iiabout iimachine iilearning iiapproaches iiis iithat, iiwith iia iimore iiremarkable iivolume iiof 

iinformation, iiwe iifor iithe iimost iipart iishow iisigns iiof iiimprovement iiexpectation iior iiorder iiresults. iiIn 

iany iicase, iiin iicontrast iito iilexical iimethodologies, iiwe iineed iirecently iinamed iiinformation iiso iias iito 

ireally iiutilize iimachine iilearning iimodels. 

VADER ii(Valence iiAware iiDictionary iiand iisentiment iiReasoner) iiis iia iivocabulary ii(lexicon) iiand 

irule-based iiSA iitool iithat iiis iiexplicitly iisensitive iifeelings iicommunicated iiin iidifferent iimedia iilife. iiIt 

iis iicompletely iipublicly iireleased iiunder iithe ii[MIT iiLicense] ii 

Part iiof iispeech iitagging 

These iiare iigrammatical iifeatures. iiSince iiText iiBlob iiis iifound iiat iithe iitop iiof iiNLTK, iithe iigrammatical 

iform iitags iiare iiequivalent. iiHere iiare iithe iidefinitions iiblow iitable ii5.1: 

One iiof iithe iimore iidominant iiparts iiof iiNLTK iifor iiPython iiis iithe iipart iiof iispeech iitagger iithat iiis 

iinherent. iiRemarkably, iithis iipart iiof iispeech iitagger iiisn't iiperfect, iiyet iiit iiis iipretty iidarn iigreat. iiOn iithe 

ioff iichance iithat iiyou iiare iisearching iifor iisomething iibetter, iiyou iican iibuy iia iifew, iior iieven iiadjust iithe 

icurrent iicode iifor iiNLTK. iiPart iiof iispeech iitagging iiis iiwith iithe iigoal iithat iiyou iican iicomprehend iithe 

isentence iistructure iiand iistart iito iiutilize iiyour iiprogram iito iisome iidegree iipursue iithe iiimportance iiof iia 

isentence iidependent iion iithe iiword iiutilized, iiit’s iipart iiof iispeech, iiand iithe iistring iiit iimakes. ii 

To iigo iiwith iithe iivideo, iihere iiis iithe iiexample iicode iifor iiNLTK iipart iiof iispeech iitagging iiwith iiheaps iiof 

iremarks iiand iidata iialso: 

Table ii5.1 iiPOS iiTags iilists 

POS iiTags iilists Descriptions 

CC Coordinating iiconjunction 

CD Cardinal iidigits 

DT Determiner 

EX Existential iithere ii(like iithis iiis, iithere iiexists) 

FW Foreign iiword 
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IN Preposition/subordinating iiconjunction 

JJ Adjective ii‘big’ 

JJR Adjective, iicomparative ii‘bigger’ 

JJS Adjective, iisuperlative ii‘bigger’ 

LS List iimarker 

MD Model iicould iiwill 

NN Noun, iisingular ii‘desk’ 

NNS Noun iiplural ii‘desk’ 

NNP Proper iinoun, iisingular ii‘Harrison’ 

NNPS Proper iinoun, iiplural ii‘Americas’ 

PDT Predeterminer ii‘all iithe iikids’ 

POS Possessing iiending iiparent\’s 

PRP Personal iipronoun iiI, iihe, iishe 

PRP$ Possessive iipronoun iimy, iihis, iihers 

RB Adverb iivery, iisilently 

RBR  iiAdverb, iicomparative iibetter 

RBS Adverb, iisuperlative iibest 

RP Particle iigive iiup 

TO To iigo ii‘to’ iithe iistore 

UH  iiInterjection iierm 

VB Verb, iibase iifrom iitake 

VBD Verb, iipast iitens iitook 

VBG Verb, iigerund/present iiparticiple iitaking 

VBN Verb, iipast iiparticle iitaken 

VBP Verb, iising. iipresent, iinon-3d iitake 

VBZ Verb, ii3rd
 iiperson iising iipresent iitakes 

WDT WH-determiner iiwhich 

WP WH-pronoun iiwho, iiwhat 

WP Possessive iiwh-pronoun iiwhose 

WRB Wh-adverb iiwhere, iiwhen 
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Figure ii5.2 ii iiClassifier iiaccuracy iifor iitraining iidata 

The iiabove iifigure ii5.3 iiindicates iithat iifor iimore iithan ii10.000 iisample iisentence iior iitext iifiles iiwe iiget 

isentiment iianalysis iiso iithat iiaround ii5332 iisamples iiare iinegative iisamples iiand iiaround ii5332 iialso 

ipositive iisamples. iiThen iifrom iithose iisamples ii69.43% iiis iipositive iiaccuracy iivia ii5332 iisample 

isentence iiand ii57.76% iiis iinegative iiaccuracy iivia ii5332 iisample iisentences iior iitexts. iiSo, iiwe iican 

iconclude iithat iiIt iiwould iiseem iithat iiour iipositive iiaccuracy iiis iitolerable, iihowever iithe iinegative 

isentiment iiaccuracy iiisn't iiall iithat iigood. iiIt iiresembles iiour iipositive iiaccuracy iiis iinot iitoo iibad, iiyet iithe 

iinegative iisentiment iiaccuracy iiisn't iitoo iigreat. 

5.3 iiNaïve iiBayesian iiclassifier 

Naive iiBayes iiis iia iistandout iiamongst iithe iimost iiutilized iiprocedures iiwith iiregards iito iitext 

iclassification iiproblem iiwhich iiinclude iihigh iidimensional iipreparing iiinformational iicollections iiper 

itraining iidata. iiIt iidepends iion iiBayes' iilikelihood iihypothesis. iiIt iiintroduces iiless iitrouble iithan 

idifferent iicalculations. iiIt iiisn't iijust iiquick iiyet iiadditionally iiprofitable iias iifar iias iimaking iiforecasts 

idependent iion iigenerally iilittle iimeasure iiof iias iiof iinow iiprovided iidata. iiDespite iithe iifact iithat iiit 

idepends iion iithe iiBayes' iihypothesis, iithat iimeans iithe iilabeled ii"naive" iisince iithe iipresumption iithat 

ithe iievent iiof iia iispecific iielement iiin iia iiclass iiis iifree iievents iiin iidifferent iihighlights iito iipaying iilittle 

irespect iito iiany iiconnection iiof iievents iiamong iithem. iiFor iiinstance, iia iinatural iiproduct iimight iibe 

iiviewed iias iian iiapple iion iithe iioff iichance iithat iiit iiis iired, iiround iiand iiaround ii3 iicreeps iiin iiwidth. 

iiRegardless iiof iiwhether iithe iihighlights ii– iicolor, iishape iiand iidiameter iiacross iirely iiupon iione iianother, 

iithese iiproperties iiadd iito iithe iidecision iithat iithis iiregular iiitem iiis iian iiapple iiexpected iito iifeatures iifree 

iiof iieach iiother. 
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𝑷(𝑨/𝑩) =
𝑷(𝑩/𝑨)𝑷(𝑨)

𝑷(𝑩)
…………………………………… ii(*) 

The iiconditional iiprobability iiof iiBayes' iihypothesis iichooses iithe iiprobability iiof iian iievent iisubject iito 

ithe iipast iidata iiof iithe iievents. iiIn iithe iicondition iireferenced iiabove, iithere iiare iitwo iievents iiA iiand iiB. ii 

P(A) iidemonstrates iithe iilikelihood iiof iithe iievents iiof iioccasion iisome iitime iiP(B) iidemonstrates iithe 

ilikelihood iiof iithe iievents iiof iioccasion iiB. iihence iias iiper iiBayes' iispeculation, iiP(A/B) iior iilikelihood 

iof iiA iigive iiB iiis iiequivalent iito iiP(B/An) iior iilikelihood iiof iiB iigive iiA iiduplicated iilikelihood iiof iiAn iiup 

ion iilikelihood iiof iiB. iithat iiis iiAn iiis iisuggestion iiand iiB iiis iiproof. iiP(B|A) iiindicates iiprobability iior   

ihow iiwell iithe iimodel iipredicts iithe iidata, iiP(A) iiappears iiearlier iilikelihood iior iithe iiamount iiwe iibelieve 

ithe iimodel iiexactly iidelineates iireality iiset iiup iitogether iidata iias iifor iiall iiour iiearlier iiinformation, iiP(B) 

iexhibits iithe iiNormalizing iirelentless iior iion iithe iiother iihand iithe iisteady iithat iiimpacts iithe iiback 

ithickness iito iifacilitate iito iione iiand iiP(A|B) iishows iiback iilikelihood iior iithe iiamount iiwe iibelieve iia 

igiven iimodel iidefinitely iiportrays iithe iicondition iigiven iithe iiadditional iiopen idata iiincluding iiall iiour 

iearlier iiinformation ii[13]. ii 

For iithe iicredulous iiBayes' iiclassifier iifor iiinstance, iilet iius iiacknowledge iithat iithere iiis iia iicorpus iiof 

idata iireliant iion iicomments iileft iiby iiFacebook iicustomers iion iia iipost. iiThe iidatasets iiare iioccurrences 

iof iipositive iiand iinegative iiwords iiset iiaway iiin iitwo iione iiof iia iikind iiclasses iis iiand iiusing iithe iiclassifier 

ifiguring iiwe iican iiappraise iithe iilikelihood iiof iiexplicit iiwords' iigoing iion iior iicount iiestimation iiand 

itheir iipositive iiand iinegative iithoughts. iiThis iiis iirequired iias iipre-arranged iiadvisers iifor iiget iiready 

idatasets. iiThusly, iithe iicomponents iiin iithis iidataset iican iibe iiseen iias iiinclinations iiand iithe iiprobability 

ithat iia iivariable iiwill iihappen iigiven iithe iiverification iiin iithe iisentence iican iibe iiconveyed iias iiappeared 

iunderneath iicondition ii(**). 

𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚(𝒄𝒐𝒏𝒄𝒍𝒖𝒔𝒊𝒐𝒏/𝑺𝒆𝒏𝒕𝒆𝒏𝒄𝒆)

=
𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚(𝑺𝒆𝒏𝒕𝒆𝒏𝒄𝒆/𝒄𝒐𝒏𝒄𝒍𝒖𝒔𝒊𝒐𝒏)𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚(𝑺𝒆𝒏𝒕𝒆𝒏𝒄𝒆)

𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚(𝒄𝒐𝒏𝒄𝒍𝒖𝒔𝒊𝒐𝒏)
… … … … … . 𝒊𝒊(∗∗) 

In iithis iicase iiI iican iiexpect iithe iiwords iiin iia iisentence iias iitokens iiand iiP(sentence/conclusion) iion 

iaccount iiof iiP(token/conclusion) iiover iiall iiof iithe iiwords iiin iia iisentence. iiThis iiwill iiconsider iithe 

iamount iiof iitimes iia iiword iihas iioccurred iiin iia iisentence. 
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𝑷𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚(𝐭𝐨𝐤𝐞𝐧/𝐜𝐨𝐧𝐜𝐥𝐮𝐬𝐢𝐨𝐧)

= 𝐜𝐨𝐮𝐧𝐭 𝐢𝐢(𝐭𝐡𝐞 𝐢𝐢𝐭𝐨𝐤𝐞𝐧 𝐢𝐢𝐨𝐟 𝐢𝐢𝐭𝐡𝐞 𝐢𝐢𝐜𝐥𝐚𝐬𝐬 +  𝒊𝒊

𝟏

𝐜𝐨𝐮𝐧𝐭 𝐢𝐢(𝐭𝐡𝐞 𝐢𝐢𝐭𝐨𝐤𝐞𝐧 𝐢𝐢𝐢𝐧 𝐢𝐢𝐭𝐡𝐞 𝐢𝐢𝐜𝐥𝐚𝐬𝐬)

+ 𝐜𝐨𝐮𝐧𝐭(𝐚𝐥𝐥 𝐢𝐢𝐭𝐨𝐤𝐞𝐧) … … … . . … . 𝒊𝒊(∗∗∗) 

The iioption iiof iiadding ii1 iiin iithe iicheck iiabove iiis iicalled iiAdd-One iiSmoothing iiwhich iiis iiused iito iikill 

iany iilikelihood iiof iiduplication iiwith iizero, iiimplies iithat iiis iikeeping iiaway iior iiremoving iifrom iia iiword 

ihappening iimultiple iitimes iior iito iidemonstrate iithat iia iiword iihas iihappened iiin iiany iievent iiyet iiagain 

ithan iithe iiesteem iiexhibited iiin iithe iipreparation iiinformation(training iidata). iiAlong iithese iilines, iithe 

iclassifier iiimmediately iiregisters iithe iiearlier iilikelihood iithat iiis iithe iilikelihood iiof iia iiword iibeing iisure 

ior iinegative iiearlier iiany iipreparation iiinformation iireliant iion iithe iiamount iiof iipositive iiand iinegative 

iword iipoints iiof iireference. iiat iithat iipoint iithen iifor iieach iiclass, iithe iitokens iiare iicopied iior iiincreased 

iwith iithe iilikelihood iiof iieach iiword iibeing iiin iithat iiclass. iiAfter iithat iithe iilast iiresult iiis iievaluated iiand 

ithe iimost iielevated iiscoring iiclass iiis iireturned iias iian iiextremity iiwhich iichooses iiwhether iiit iiis 

idecidedly iior iicontrarily iiof iithe iicontent iior iiremark. 

5.4 iiTraining iidata 

The iitraining iiinvestigation iiis iiconcentrating iiin iinaïve iiBayes iiclassifier iito iidecide iithe iitext iicollected 

ifrom iiFacebook iiis iieither iia iinegative iior iipositive iimessage iiinput iibased iion iithe iiremarks. iiThat iiis,  iwe 

ihave iito iifocused iion iithe iistatus iiand iiconcentrate iievery iione iiof iithe iiremarks. iiLater iion, iiwe iihave iito 

iarranged iithese iiremarks iifor iiour iipreparation iiin iitest iidata iiand iitraining iidata. 

Around ii1500 iiremarks iifrom iithe iistatus iiand iiarranged iiup iito ii60 iipercent iiof iithe iiremarks. iiphysically 

idenoted iithe iidata iiinto iinegative iiand iipositive iiextremity. iiWe iimade iitwo iiclusters ii(shows) iifor 

iprescient iipositive iiwords iiand iiprescient iinegative iiwords. iiBy iithen iiwe iiabsolutely iithe iirecurrence iiof 

iall iithese iipositive iiand iinegative iiwords iiin iithe iisentences. iiAs iidemonstrated iiby iithe iioccasion iiof iia 

iprescient iipositive iiword iifor iithe iigenuine(true) iipositive iisentences iiand iiin iithe iireal iinegative 

isentences iiwe iiuse iithe iimean iimeasurable iiequation iito iifind iia iiweight iifor iieach iiword. iiFor iithis iithe 

ireadiness iiinformational iicollection iiwill iiwork iiall iithe iimore iicapably iior iiproficiently. iiFor iiinstance, 

i"As" iiis iia iiprescient iipositive iiword. iiIn iiany iicase, iiit iimay iinot iifor iithe iimost iipart iibe iiin iithe iicertified 

ipositive iisentence. iiLet iisay iievent(occurrence) iiof ii"LIKE" iiin iithe iiauthentic iipositive iisentences iiare 

i60% iioccasions iiand iiagain iiin iithe iireal iinegative iisentences iiin ii25% iioccasions. iiThus, iithe  

iprobability ii(likelihood) iiof iithis iiword iifor iibeing iia iiveritable iipositive iiword iiis ii85%. iiSo, iiin iiall 
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ilikelihood, iiif ii"LIKE" iiexists iiin iia iisentence iiconceivably iithe iisentence iiis iimultiple iitimes iipositive 

iinside ii100% iioccasions. 

Table ii5.2 iiPositive iiand iiNegative iipolarity iisample iicomments 

Positive iipolarity iisample iitext iior iicomments Negative iipolarity iisample iitext iior iicomments 

Very iieffective, iiI iilike iithe iioffer. I iican’t iioffer, iiit iiis iicostly. 

This iiis iigood, iiwhen iiyou iicompared iiwith 

iiothers. 

This iiis iitoo iiexaggerated. 

For iistudents iithe iioffer iiis iigood. Not iisatisfactory iitotally iithe iioffer. 

The iifood iiis iidelicious. I iiam iinot iihappy iiwith iirestaurant. 

I iiget iifree iiservices. Ii Quality iiis iinot iigood. 

The iicompany iiis iigreat. Environment iicondition iiis iinot iithat iimuch 

iigood. 
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CHAPTER iiSIX 

RESULT iiAND iiANALYSIS 

6.1 iiAnalysis 

In iithis iithesis iior iiproject iito iiperform iithe iisentiment iianalysis iiof iidifferent iitext iireviews iifrom iisocial 

imedia iiFacebook iiwe iiused iithree iitechniques iior iimethods iiPrecision, iiRecall iiand iiAccuracy iiand 

ithose iithree iitechniques iiare iivery iiuseful iiand iieffective iiin iisentiment iianalysis. iiAccuracy iiit iperforms 

ithe iioverall iiresults iiof iiour iianalysis, iibut iiit iimay iior iimay iinot iibe iilike iiwe iiexpected iior iiprecise 

iexactly. iiPrecision iiis iialways iimeasuring iithe iiexactness iiof iithe iiclassifiers iiand iiin iiprecision iiit 

iindicates iia iihigh iiprecision iishows iiless iifalse iipositive, iiand iilower iiprecision iishows iimore iifalse 

ipositives. iiTherefore, iiif iiwe iiwant iito iiimprove iiprecision iivalue, iiwe iihave iito iidecrease iirecall iivalues. 

Recall iiis iialso iimeasuring iithe iisensitivity iiof iithe iiclassifier iior iicompleteness iiof iiclassifiers. iiA iihigh 

irecall iishows iifewer iifalse iinegative, iiwhereas iilower iirecall iishows iihigher iifalse iinegatives. iiThe  isame 

ithing iiif iiwe iiwant iito iiincrease iior iiimprove iirecall iivalue, iiwe iihave iito iidecrease iithe iiprecision iivalues. 

iIn iiorder iito iicalculate iithe iiprecision, iirecall iiand iiaccuracy iipercentages iiof iiboth iinegative iiand 

ipositive iiset iiof iiwords iiwe iihave iito iiinitialize iidataset iias iiactual iizero ii(0), iiactual iione ii(1), iipredicated 

izero ii(0) iiand iipredicated iione ii(1) iias iishown iibelow iiin iitable ii6.1. ii ii 

Table ii6.1 iiConfusion iimatrix iitable iito iifind iiout ii ii iiprecision, iiaccuracy iiand iiRecall 

 0 ii(predicted) 1 ii(predicated) 

0 ii(Actual) A ii(TP) B ii(FN) 

1 ii(Actual) C ii(FP) D ii(TN) 

Where ii ii iiA: iiTrue iipositive ii(TP) 

B: iifalse iinegative ii(FP) 

C: iifalse iipositive ii(FN) 

D: iitrue iinegative ii(TN) 

Accuracy ii= ii

A+D

A+B+C+D
 ii ii 

Recall ii(positive) ii= ii

A

A+C
 

Recall ii(negative) ii= ii

D

B+D
 ii 

Precision ii(positive) ii= ii

A

A+B
 

Precision ii(negative) ii= ii

D

C+D
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In iiwhich iiFP, iiTP, iiTN iiand iiFN iiindicates iithat iito iithe iinumber iiof iigenuine iior iitrue iipositive  

occasions, iithe iiquantity iiof iifalse iinegative iicases, iithe iiquantity iiof iifalse iipositive iioccurrences iiand 

ithe iiquantity iiof iigenuine iinegative iicases iias iidefined iiabove iitable ii6.1. 

Now iiwith iithe iihelp iiof iiabove iiformula iiwe iihave iito iifind iiout iithe iipercentage iiof iieach iimethod 

i(techniques) iiand iialso iicompared iiand iicontras ii iiwith iiall iipercentage iiresults iiwith iidifferent iitraining 

idata iisets iilike ii ii100, ii150, ii200 iiand ii250 iias iishown iibelow iitable ii6.6, iitable ii6.5, iitable ii6.4, iitable ii6.3 

iand iitable ii6.2 ii iiin ii iieach iidifferent iimethods iithat iiis iiin iinegative iirecall, iipositive iirecall, iinegative 

iprecision, iipositive iiprecision iiand iiaccuracy ii[8]. ii 

Table ii6.2 iiResult iifor iiaccuracy 

Training iidatasets Accuracy ii(%) 

100 80% 

150 80% 

200 85% 

250 82% 

Table ii6.3 iiResult iipositive iicorpus iifor iiprecision 

Training iidatasets Positive iicorpus ii(%) iifor iiprecision 

100 57.14% 

150 66.667% 

200 75% 

250 71.43% 

Table ii6.4 iiResult iinegative iicorpus iifor iiprecision 

Training iidatasets Negative iicorpus ii(%) iifor iiprecision 

100 92.31% 

150 88.88% 

200 91.667% 

250 89.65% 
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Table ii6.5 iiResult iipositive iicorpus iifor iirecall 

Training iidatasets Positive iicorpus ii(%) iifor iirecall 

100 80% 

150 80% 

200 85.7% 

250 83.33% 

Table ii6.6 iiResult iiNegative iicorpus ii(%) iifor iiRecall 

Training iidatasets Negative iicorpus ii(%) iifor iiRecall 

100 80% 

150 80% 

200 84.6% 

250 81.25% 

 

The iilexicon-based iitechniques iimore iioften iithan iinot iigive iiscores iito iithe iihighlights iior iiwords 

ipresent iiin iithe iirecords iiand iiafterward iiwe iipick iitop iiN iifeatures iiout iiof iithem iiwhich iiare iimost ihelpful 

iifor iithe iiclassification iireason iiand iioverlook iior iievacuate iithe iiremainder iiof iithe iihighlights iior 

iifeatures. iiWe iihave iiutilized iithe iiterm iinumber iiof iitraining iidatasets iito iirepresent iito iithe iiquantity iiof 

iifeatures iithat iihave iibeen iipicked iias iibest iiN iifeatures iiby iithe iiutilized iilexicon-based iistrategy. iiThe 

iiexecution iiof iithe iiclassifier iichanges iia iiton iiwith iithe iichange iiin iithe iiestimation iiof iiN, iii.e., iinumber 

iiof iitraining iidatasets, iiin iithis iiway iiwe iihave iidetermined iithe iiexecution iimeasurements iifor iiboth iithe 

iitechniques iiover iia iiscope iiof iiN. iiIn iiour iiinvestigation, iiwe iichanged iithe iiestimation iiof iinumber iiof 

iitraining iidatasets ii(N) iifrom ii100 iito ii250, iiwith iistep-size iiof ii1 iiand iirecorded iithe iidifferent iiexecution 

iimeasurements. iiThe iioutcomes iiwe iiacquired iiare iias iiappeared iibelow: 
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From iithe iiabove iifigure ii6.1 iiwhen iiwe iiutilized iinaive iiBayes iistrategy iias iithe iicomponent 

determination iitechnique, iiat iithat iipoint iithe iibest iiaccuracy iiaccomplished iiis ii85% iiwhen iithe iinumber 

of iidatasets iiis ii200. iiAdditionally, iithe iiaverage iiaccuracy iiaccomplished iiwhen iinumber iiof iidatasets 

iwas iidiffered iifrom ii100 iito ii250 iiwas ii81.75%. additionally, iithe iiaccuracy iigraph iiis iisignificantly 

iimore iistable iiwhen iiour iistrategy iiis iiutilized. iiAs iFig. ii6.1 iishows, iithe iiaccuracy iiis iifluctuating iia iigreat 

iideal iiwith iithe iiadjustment iiin iithe iinumber iiof itraining iidatasets iiwhen iinaive iiBayes iistrategy iiis 

iiutilized, iiso iiour iitechnique iigives iisubstantially imore iistable iiin iithe iiaccuracy iiof iithe iiclassifier iiin 

iinaive iiBayes iitechnique. ii 

 

Figure ii6.2 iiResult iipositive iicorpus iifor iiprecision 

When iiwe iiutilized iinaive iiBayes iistrategy iias iithe iicomponent iidetermination iitechnique iias iishown 

ifigure ii6.2 iiabove, iiwhen iithe iinumber iiof iidatasets iiis ii200 iithe iibest iipositive iiprecision iicorpus iiis 
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iaccomplished ii75%. iiAnd iithe iiaverage iipositive iiprecision iicorpus iiaccomplished iiwhen iinumber iiof 

idatasets iiis iidiffered iifrom ii100 iito ii250 iiis ii67.4%. 

 

Figure ii6.3 iiResult iinegative iicorpus iifor iiprecision 

The iisame iithing iiwhen iiwe iiutilized iinaive iiBayes iistrategy iias iithe iicomponent iidetermination 

itechnique iias iishown iifigure ii6.3 iiabove, iiwhen iithe iinumber iiof iidatasets iiis100 iiand ii200 iithe iibest 

inegative iiprecision iicorpus iiis iiaccomplished ii92%. iiAnd iithe iiaverage iinegative iiprecision iicorpus 

iaccomplished iiwhen iinumber iiof iidatasets iiis iidiffered iifrom ii100 iito ii250 iiis ii90.7%. 

 

 

 

 

 

 

 

 

Figure ii6.4 iiResult iinegative iicorpus iifor iirecall 

When iiwe iiutilized iinaive iiBayes iistrategy iias iithe iicomponent iidetermination iitechnique iias iishown 

ifigure ii6.4 iiabove, iiwhen iithe iinumber iiof iidatasets iiis ii200 iithe iibest iipositive iiRecall iicorpus iiis 
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iaccomplished ii85%. iiAnd iithe iiaverage iipositive iiRecall iicorpus iiaccomplished iiwhen iinumber iiof 

idatasets iiis iidiffered iifrom ii100 iito ii250 iiis ii81.5%. 

 

Figure ii6.5 iiResult iipositive iicorpus iifor iirecall ii 

Finally, iiwhen iiwe iiutilized iinaive iiBayes iistrategy iias iithe iicomponent iidetermination iitechnique iias 

shown iifigure ii6.5 iiabove, iiwhen iithe iinumber iiof iidatasets iiis ii200 iithe iibest iinegative iiRecall iicorpus iiis 

iaccomplished ii86%. iiAnd iithe iiaverage iinegative iiRecall iicorpus iiaccomplished iiwhen iinumber iiof 

idatasets iiis iidiffered iifrom ii100 iito ii250 iiis ii82.25%. 

 ii  

Figure ii6.6 iiComparison iiAccuracy, iiPrecision iiand iiRecall 
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From iithe iiabove iifigure ii6.6 iithe iicomparison iiin iiAccuracy, iipos iiprecision, iineg iiprecision, iipos iirecall 

iand iineg iirecall iithe iiminimum iivalue iiis iiin iipos iiprecision ii66.6% iinot iionly iipos iiprecision iibut iialso 

iaccuracy, iineg iiprecision, iineg iirecall iiand iipos iirecall iiis iiminimum iivalue iiwhen iiyou iicompared iiwith 

iAccuracy, iineg iiprecision, iipos iirecall iiand iineg iirecall. iiThe iipick iior iimaximum iivalue iiof iithe iigraph 

ifrom iithe iiabove iifigure ii6.6 iiis iineg iiprecision iiaround ii92% iieven iithough iiat iithis iipoint iiis iimaximum 

iand iiat iipos iiprecision iiis iialso iiminimum iiaround ii66.6% iiwe iican iiconclude iithat iithe iialmost iithe 

imanual iicalculated iivalue iiand iiexpected iivalue iiis iithe iisame. ii 
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CHAPTER iiSEVEN 

CONCLUSION iiAND iiFEATURE iiWORK 

7.1 iiConclusion 

In iithis iiresearch iior iithesis, iiI iiused iimachine iilearning iiautomatic iiapproaches iifor iisentiment iianalysis 

using iisocial iimedia iiFacebook iiposts iiof iidifferent iicompanies. iifrom iithe iiposts iiof iiFacebook 

icompany, iiI iicollect iidata iiwith iithe iihelp iiof iiFacebook iigraph iiAPI iiafter iiI iigetting iithe iirequired iidata, 

iI iihave iiapplied iinaïve iiBayes’ iimachine iilearning iiclassifier iitechniques. iiThe iicomparison iiin 

iAccuracy, iipos iiprecision, iineg iiprecision, iipos iirecall iiand iineg iirecall iithe iiminimum iivalue iiis iiin iipos 

iprecision ii66.6% iinot iionly iipos iiprecision iibut iialso iiaccuracy, iineg iiprecision, iineg iirecall iiand iipos 

irecall iiis iiminimum iivalue iiwhen iiyou iicompared iiwith iiAccuracy, iineg iiprecision, iipos iirecall iiand iineg 

irecall. iiThe iipick iior iimaximum iivalue iiof iithe iigraph iifrom iithe iiabove iifigure ii6.6 iiis iineg iiprecision 

iaround ii92% iieven iithough iiat iithis iipoint iiis iimaximum iiand iiat iipos iiprecision iiis iialso iiminimum 

iaround ii66.6% iiwe iican iiconclude iithat iithe iialmost iithe iimanual iicalculated iivalue iiand iiexpected iivalue 

iis iithe iisame. ii ii 

7.2 iiFeature iiwork ii 

This iisentiment iianalysis iiin iisocial iimedia iion iiFacebook iiis iinow iia iiday iiis iivery iiimportant iiand  

icritical iispecially iiin iipoliticos, iionline iishopping iimarket, iiadvertising iiof iiproducts, iiElection ii… iietc. 

iSo, iithat iias iia iifeature iiwork ii iito iiimprove iieffectiveness iiof iithe iioutcome ii iiwe iihave iito iiapply iiwith 

idifferent iitechniques iilike ii iiSVM iior iiSupport iivector iimachine ii iiand iiKNN iior iik- iinearest iiNeighbors 

ialgorithm iitechniques iiin iiorder iito iicompare iiand iicontrast iithe iiresult iiwith iinaïve iiBayes iiclassifier. 
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