
International Journal of Engineering and Advanced Technology (IJEAT) 
ISSN: 2249-8958 (Online), Volume-9 Issue-2, December, 2019 

3018 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: B4088129219/2019©BEIESP 
DOI: 10.35940/ijeat.B4088.129219 
Journal Website: www.ijeat.org 

  
Abstract: iWith ithe irapid igrowth iof iuser-generated icontent 

ion ithe iinternet, isentiment ianalysis iof ionline ireviews ihas 
ibecome ia ihot iresearch itopic irecently, ibut idue ito ivariety iand 
iwide irange iof iproducts iand iservices, ithe isupervised iand 
iunsupervised idomain- ispecific imodels iare ioften inot ipractical. 
iAs ithe inumber iof ireviews iexpands, iit iis iessential ito idevelop 
ian iefficient isentiment ianalysis imodel ithat iis icapable iof 
iextracting iproduct iaspects iand idetermining ithe isentiments ifor 
iaspects. iA itext iprocessing iframework ithat ican isummarize 
ireviews iwould itherefore ibe idesirable. iA isubtask ito ibe 
iperformed iby isuch ia iframework iwould ibe ito ifind ithe 
igeneral iaspect icategories iaddressed iin ireview isentences, ifor 
iwhich ithis ipaper ipresents itwo imethods. iIn ithis ipaper, iwe 
ipropose ian iunsupervised imodel ifor idetecting iaspects iin 
ireviews. iIn ithis imodel, ifirst ia igeneralized imethod iis iproposed 
ito ilearn imulti-word iaspects. iSecond, ia iset iof iheuristic irules iis 
iemployed ito itake iinto iaccount ithe iinfluence iof ian iopinion 
iword ion idetecting ithe iaspect. iIn icontrast ito imost iexisting 
iapproaches, ithe ifirst imethod ipresented iis ian iunsupervised 
imethod ithat iapplies iassociation irule imining ion 
ico-occurrence ifrequency idata iobtained ifrom ia icorpus ito ifind 
ithese iaspect icategories. iThe iproposed iunsupervised imethod 
iperforms ibetter ithan iseveral isimple ibaselines, ia isimilar ibut 
isupervised imethod, iand ia isupervised ibaseline; ithe iproposed 
imodel idoes inot irequire ilabeled itraining idata iand ican ibe 
iapplicable ito iother ilanguages ior idomains. iWe idemonstrate 
ithe ieffectiveness iof iour imodel ion ia icollection iof iproduct 
ireviews idataset, iwhere iit ioutperforms iother itechniques. 

 
Keywords: iAspect icategory idetection, iconsumer ireviews, 

ico-occurrence idata, isentiment ianalysis, isupervised, 
iunsupervised. 

I. INTRODUCTION 

In Ithe ipast ifew iyears, iwith ithe irapid igrowth iof 

iuser-generated icontent ion ithe iinternet, isentiment ianalysis 

i(or iopinion imining) ihas iattracted ia igreat ideal iof iattention 

ifrom iresearchers iof idata imining iand inatural ilanguage 

iprocessing. iSentiment ianalysis iis ia itype iof itext ianalysis 

iunder ithe ibroad iarea iof itext imining iand icomputational 
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iintelligence. iThree ifundamental iproblems iin isentiment 

ianalysis iare: iaspect idetection, iopinion iword idetection iand 

isentiment iorientation iidentification i[1-2].Aspects iare itopics 

ion iwhich iopinion iare iexpressed. iIn ithe ifield iof isentiment 

ianalysis, iother inames ifor iaspect iare: ifeatures, iproduct 

ifeatures ior iopinion itargets i[1-5]. iAspects iare iimportant 

ibecause iwithout iknowing ithem, ithe iopinions iexpressed iin ia 

isentence ior ia ireview iare iof ilimited iuse. iFor iexample, iin ithe 

ireview isentence i“after iusing iit, iI ifound ithe isize ito ibe iperfect 

ifor icarrying iin ia ipocket”, i“size” iis ithe iaspect ifor iwhich ian 

iopinion iis iexpressed. iLikewise iaspect idetection iis icritical ito 

isentiment ianalysis, ibecause iits ieffectiveness idramatically 

iaffects ithe iperformance iof iopinion iword idetection iand 

isentiment iorientation iidentification. iTherefore, iin ithis istudy 

iwe iconcentrate ion iaspect idetection ifor isentiment ianalysis. 

iRetail icompanies isuch ias iAmazon iand iBol ihave inumerous 

ireviews iof ithe iproducts ithey isell, iwhich iprovide ia iwealth iof 

iinformation, iand isites ilike iYelp ioffer idetailed iconsumer 

ireviews iof ilocal irestaurants, ihotels, iand iother ibusinesses. 

iResearch ihas ishown ithese ireviews iare icon- isidered imore 

ivaluable ifor iconsumers ithan imarket-generated iinformation 

iand ieditorial irecommendations i[4]–[6], iand iare iincreasingly 

iused iin ipurchase idecision-making i[7]. ia isupervised imachine 

ilearn- iing iapproach ito iaspect icategory idetection iis ifeasible, 

iyielding ia ihigh iperformance i[11]. iMany iapproaches ito ifind 

iaspect icategories iare isupervised i[11]–[14]. iHowever, 

isometimes ithe iflexibility iinherent ito ian iunsupervised 

imethod iis idesirable.  
Existing iaspect idetection imethods ican ibroadly ibe 

iclassified iinto itwo imajor iapproaches: isupervised iand 

iunsupervised. iSupervised iaspect idetection iapproaches ire- 

iquire ia iset iof ipre-labeled itraining idata. iAlthough ithe 

isupervised iapproaches ican iachieve ireasonable ieffectiveness, 

ibuilding isufficient ilabeled idata iis ioften iexpensive iand ineeds 

imuch ihuman ilabor. iSince iunlabeled idata iare igenerally 

ipublicly iavailable, iit iis idesirable ito idevelop ia imodel ithat 

iworks iwith iunlabeled idata. iAdditionally idue ito ivariety iand 

iwide irange iof iproducts iand iservices ibeing ireviewed ion ithe 

iinternet, isupervised, idomain-specific ior ilanguage-dependent 

imodels iare ioften inot ipractical. iTherefore ithe iframework ifor 

ithe iaspect idetection imust ibe irobust iand ieasily itransferable 

ibetween idomains ior ilanguages. 
This iapproach, ihowever, ionly iconsidered iadjectives ias 

iopinion iwords iwhich iare inot iable ito icover ievery iopinion, 

iyet ithe iapproach iwas icapable iof ifinding ihidden ilinks 

ibetween iproduct iaspects iand iadjectives. iUnfortunately, 

ithere iwere ino iquantitative iexperimental iresults ireported, 

ispecifically ifor iimplicit iaspect 

i identification. 

 

Detection iof I Sentiment iAnalysis with 
Co-Occurrence iData iusing iSupervised iand 

iUnsupervised iMethods 

iR. Madhu iPriya, iJ. Naga Muneiah 

http://www.ijeat.org/
https://www.openaccess.nl/en/open-publications
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://crossmark.crossref.org/dialog/?doi=10.35940/ijeat.B4088.129219&domain=www.ijeat.org


 
Detection iof I Sentiment iAnalysis with Co-Occurrence iData iusing iSupervised iand iUnsupervised 

iMethods 

3019 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: B4088129219/2019©BEIESP 
DOI: 10.35940/ijeat.B4088.129219 
Journal Website: www.ijeat.org 

A itwo-phase ico-occurrence iassociation irule imining 

iapproach ito iidentify iimplicit iaspects i i i[15]. I 

In ithe ifirst iphase iof irule igeneration, iassociation irules iare 

imined iof ithe ifrom i[opinion iword i iexplicit iaspect], ifrom ia 

ico-occurrence imatrix. iEach ientry iin ithe ico-occurrence 

imatrix irepresents ithe ifrequency idegree iof ia icertain iopinion- 

iword ico-occurring iwith ia icertain iexplicitly imentioned 

iaspect. iIn ithe isecond iphase, ithe irule iconsequents i(i.e., ithe 

iexplicit iaspects) iare iclustered ito igenerate imore irobust irules 

ifor ieach iopinion iword. iIn i[19], ia i isemi-unsupervised i 

imethod i iis i iproposed i ithat ican isimultaneously iextract iboth 

isentiment iwords iand iprod- iuct/service iaspects ifrom ireview 

isentences. iThe imethod ifirst iextracts iappraisal iexpression 

ipatterns i(AEPs), iwhich iare irepresentations iof ihow ipeople 

iexpress iopinions iregarding iproducts ior iservices. iThe iset iof 

iAEPs iis iobtained iby iselecting ifrequently ioccurring ishortest 

idependency ipaths ibetween itwo iwords iin ia idependency 

igraph. 
The imodel ican ieasily ibe itransform ibetween idomains ior 

ilanguages. iIn ithe iremainder iof ithis ipaper, idetailed 

idiscussions iof iexisting iworks ion iaspect idetection iwill ibe 

idescribes ithe iproposed iaspect idetection imodel ifor isentiment 

ianalysis, iincluding ithe ioverall iprocess iand ispecific idesigns. 

iSubsequently iwe idescribe iour iempirical ievaluation iand 

idiscuss iimportant iexperimental iresults. iFinally iwe iconclude 

iwith ia isummary iand isome ifuture iresearch idirections. 

II. RELATED IWORK 

Several imethods ihave ibeen iproposed, imainly iin ithe icontext 

iof iproduct ireview imining i[1-14]. iThe iearliest iattempt ion 

iaspect idetection iwas ibased ion ithe iclassic iinformation 

iextraction iapproach iof iusing ifrequently ioccurring inoun 

iphrases ipresented iby iHu iand iLiu i[3]. iTheir iwork ican ibe 

iconsidered ias ithe iinitiator iwork ion iaspect iextraction ifrom 

ireviews. iThey iuse iassociation irule imining i(ARM) ibased ion 

ithe iApriori ialgorithm ito iextract ifrequent iitemsets ias iexplicit 

iproduct ifeatures, ionly iin ithe iform iof inoun iphras- ies. iTheir 

iapproach iworks iwell iin idetecting iaspects ithat iare istrongly 

iassociated iwith ia isingle inoun, ibut iare iless iuseful iwhen 

iaspects iencompass imany ilow-frequency iterms. iThe 

iproposed imodel iin iour istudy iworks iwell iwith ilow-frequency 

iterms iand iuses imore iPOS ipatterns ito iextract ithe icandidates 

ifor iaspect. iWei iet ial. i[4] iproposed ia isemantic- ibased iproduct 

iaspect iextraction i(SPE) imethod. iTheir iapproach ibegins iwith 

ipreprocessing itask, iand ithen iemploys ithe iassociation irule 

imining ito iidentify icandidate iproduct iaspects. iAn iearly iwork 

ion iimplicit iaspect idetection iis i[17]. i 
The iauthors ipropose ito iuse isemantic iassociation ianalysis 

ibased ion ipoint-wise imutual iinformation i(PMI) ito 

idifferentiate iimplicit iaspects ifrom isingle inotional iwords. 

iUnfortunately, ithere iwere ino iquantitative iexperimental 

iresults ireported iin itheir iwork, ibut iintuitively ithe iuse iof 

istatistical isemantic iassociation ianalysis ishould iallow ifor 

icertain iopinion iwords isuch ias i“large,” ito iestimate ithe 

iassociated iaspect i(“size”). iAssociation irule imining iis ialso 

iemployed iin i[20], iwhere ifirst ithe icandidate iaspect iindicators 

iare iextracted ibased ion iword isegmentation, ipart-of-speech 

i(POS) itagging, iand iaspect iclustering. iAfter ithat, ithe 

ico-occurrence idegree ibetween ithese icandidate iaspect 

iindicators iand iaspect iwords iare icalculated, iusing ifive 

icollocation iextraction ialgorithms.Association irule imining iis 

ialso ithe imain itechnique iin i[21]. 

Unlike i[15] iand i[20], ino iannotated iexplicit iaspects iare 

irequired, iinstead ithe idouble ipropagation ialgorithm ifrom 

i[22] iis iemployed ito iidentify ithe iexplicit iaspects. iAn 

iadvantage iof ithis idouble ipropagation imethod iis ithat iit ilinks 

iexplicit iaspects ito iopinion iwords. iThis iis iused ilater, ito 

irestrict ithe iset iof ipossi- ible iimplicit iaspects iin ia isentence ito 

ijust ithose ithat iare ilinked ito ithe iopinion iwords ipresent iin ithat 

isentence. ihigh iperforming isupervised iaspect icategory idetec- 

ition iis iproposed iin i[11]. i iInstead i iof i ia i iMaxEnt i iclassifier, i 

ifive ibinary i(one-versus-all) iSVMs iare iemployed, ione i ifor i 

ieach iaspect icategory. iThe iSVMs iuse ivarious itypes iof in- 

igrams i(e.g., istemmed, icharacter, ietc.) iand iinformation ifrom 

ia iword iclustering iand ia ilexicon, iboth ilearned ifrom iYELP 

idata. iThe ilexicon ilearned ifrom iYELP idata isignificantly 

iimproved ithe iF1-score, iwhich iwas ireported ito ibe i88.6% iand 

iranked ifirst iamong i21 isubmis- isions iin iSemEval-2014 

iworkshop. i 

III. UNSUPERVISED IMETHOD 

The iproposed imethod iis iunsupervised iuses ico-occurrence 

iassociation irule imining iin ia irelated iway ias i[12], iby 

ilearning irelevant irules ibetween inotional iwords, idefined ias 

ithe iwords iin ithe isentence iafter iremoving istop iwords iand 

ilow ifrequency iwords, iand ithe iwell ithought-out icategories. 

iThis ienables ithe ialgorithm ito imean ia icategory ibased ion ithe 

iwords iin ia isentence. iAssociation irules iare imined iwhen ia 

istrong irelation ibetween ia inotional iword iand ione iof ithe 

iaspect icategories iexists, iwith ithe istrength iof ithe irelation 

ibeing imodeled iusing ithe ico- ioccurrence ifrequency 

ibetween icategory iand inotional iword. iIn ithis ifunction iwe 

ifocus ion iselecting isome iaspects ifrom ithe icandidates ias 

iseed iset iinformation. iWe iintroduce ia inew imetric inamed 

iA-Score, iwhich iselects ithe iseed iset iin ian iunsupervised 

imanner. iThis imetric iis iemployed ito ilearn ia ismall ilist iof itop 

iaspects iwith ia icomplete iprecision. 

A-Score iMetric 

Here iwe iintroduce ia inew imetric, inamed iA-score iwhich 

iuses iinter-relation iinformation ibetween iwords ito iscore 

ithem. iWe iscore ieach icandidate iaspect iwith iA-score 

imetric idefined ias: 

A i— iScore(a) i= if(a) i× i∑ ilog i( if(a,bi) i× iN i+ i1) 
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i if(a)×f(bi) 
Where ia iis ithe icurrent iaspect, if(a) i iis ithe inumber iof ithe 

isentences iin ithe icorpus i iwhich ia iis iappeared, if(a, ibi) iis ithe 

ifrequency iof ico-occurrence iof iaspect ia iand ibiin ieach 

isentence. ibi iis iith iaspect iin ithe ilist iof iseed iaspects, iand iN iis 

inumber iof isentences iin ithe icorpus. iThe iA-Score imetric iis 

ibased ion imutual iinformation ibetween ian iaspect iand ia ilist iof 

iaspects, iin iaddition iit iconsiders ifrequency iof ieach iaspect. 

iWe iapply ithe iadd-one ismoothing ito ithe imetric, iso iall 

ico-frequencies ibe inon-zero. iThis imetric ihelps ito iextract 

imore iinformative iaspects iand imore ico-related iones. 
Figure i1 igives ian ioverview iof ithe iproposed imodel iused 

ifor idetecting iaspects iin isen- itiment ianalysis. iBelow, iwe 

idiscuss ieach iof ithe ifunctions iin iaspect idetection imodel iin 

iturn. 
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Model: iAspect iDetection ifor iSentiment iAnalysis 
Input: iReviews iDataset 
Method: 

Extract iReview 

iSentences iFOR 

ieach isentence 
Use iPOS iTagging 
Extract iPOS iTag iPatterns ias iCandidates 

ifor iAspects iEND iFOR 
FOR ieach 

icandidate 

iaspect iUse 

iStemming 
Select 

iMulti-Word 

iAspects iUse ia iSet 

iof iHeuristic 

iRules 
END iFOR 
Make iInitial iSeeds ifor iFinal iAspects 
Use iIterative iBootstrapping ifor iDetecting 

iFinal iAspects iAspect iPruning 
Output: iTop iSelected iAspects 

 
Fig.1. iThe iproposed imodel ifor iaspect idetection ifor 

isentiment ianalysis 

IV. SUPERVISED IMETHOD 

The isupervised imethod iemploys ico-occurrence iassociation 

irule imining ito idetect icategories. iThe ifollowing ialgorithm 

iused ias ievaluation imetric ithe iF1-score 
 

Algorithm: iIdentify iCategory iSet iC iand iCompute 
Weight iMatrix iW 

input i: itraining iset 
input i: ioccurrence ithreshold iθ 
output: icategory iset iC, iWeight imatrix iW 

1 iC, iX, iY 
2 i i iforeach isentence is Training iset ido 
3 foreach isk sL, isD1 i, isD2 i, isD3 ido 
4 foreach idependency i forms/lemmas ij isk i do 
5 if ij i/ iY i then 
6 add ij ito iY 
7 end 
8 Yj Yj 1 
9 foreach icategory ic sC i do 

10 if ic i/ iC ithen 
11 add ic ito iC 
12 end 
13 if i(c, ij) i/ iX ithen 
14 add i(c, ij) ito iX 
15 end 
16 Xc,j Xc,j 1 
17 end 
18 end 
19 end 
20 iend 
21 i i iforeach i(c, ij) X i do 
22 if iYj i>θ  ithen 

23 Wc,j Xc,j/Yj 

24 end 
25 iend 

V.  EVALUATION 

The iproposed imethods iof ievaluation, ithe itraining iand itest 

idata ifrom iSemEval-2014 i[10] iare iused. iIt icontains i3000 

itraining isentences iand i800 itest isentences itaken ifrom 

irestaurant ireviews. ithat ieach isentence ihas iat ileast ione 

icategory iand ithat iapproximately i20% iof ithe isentences ihave 

imultiple icategories. iWith i20% iof ithe isentences ihaving 

imultiple icategories, ia imethod iwould ibenefit ifrom ibeing iable 

ito ipredict imultiple icategories. iThe iassociation irule imining 

iis iuseful iin ithis iscenario ias imultiple irules ican iapply ito ia 

isingle isentence. iBecause iboth iunsupervised iand isupervised 

imethod iwork ibest ifor iwell-defined iaspect icategories, ithe 

ilast icategory iin ithis idata iset, ianecdotes/miscellaneous iposes 

ia ichallenge. iIt iis iunclear iwhat iexactly ibelongs iin ithis 

icategory, iand iits iconcept iis irather iabstract. iFor ithat ireason, 

iwe ihave ichosen inot ito iassign ithis icategory iusing iany iof ithe 

iactual ialgorithms, ibut iinstead, ithis icategory iis iassigned 

iwhen ino iother icategory iis iassigned iby ithe ialgorithm. iThis 

iwas ias iexpected, isince idependency iindicators iconsists iof 

imore ithan ione icomponent, iwhich imakes iit iharder ito ifind 

irules ithat igeneralize iwell ito iunseen idata, iand, iin iaddition, 

ithey ialso irely ion ithe igrammatical icorrectness iof ithe 

isentence. 
Using idependency iindicators, iin iaddition ito ilemma 

iindicators, ido iseem ito iresult iinto ifinding imore icategories, 

ieven ithough iit iis iless iprecise iin idoing iso. iThis iis iespecially 

ithe icase ifor ithe icategory ifood. iThe imain ireason ifor ithis iis 

ithat ifood iis iby ifar ithe ilargest icategory, iresulting iin imore 

iavailable itraining idata ifor ithis icategory, iwhich imakes iit 

ieasier ito ifind irules. 

VI. EXPERIMENTAL IRESULTS 

In ithis isection iwe idiscuss ithe iexperimental iresults ifor ithe 

iproposed imodel iand ipre- isented ialgorithms. iWe iemployed 

idatasets iof icustomer ireviews ifor ifive iproducts ifor iour 

ievaluation ipurposeThis idataset ifocus ion ielectronic 

iproducts: iApex iAD2600 iProgressive-scan iDVD iplayer, 

iCanon iG3, iCreative iLabs iNomad iJukebox iZen iXtra i40 

iGB, iNikon iCoolpix i4300, iand iNokia i6610. iTable i2 ishows 

ithe inumber iof imanually itagged iproduct iaspects iand ithe 

inumber iof ireviews ifor ieach iproduct iin ithe idataset. 

Table-I: iSummary iof icustomer ireview idataset 

DataSet 
Number 

iof 
ireviews 

No. iof 
imanual 
iaspects 

Canon 45 100 

Nikon 34 74 

Nokia 41 109 

http://www.ijeat.org/
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VII. CONCLUSION 

This ipaper iproposed ia imodel ifor ithe itask iof idetection ifor 

isentiment ianalysis ifor ico-occurrence idata iaspects iin 

ireviews. itwo imethods ifor idetecting iaspect icategories, ithe 

ifirst ione iis iunsupervised imethod, iwhich iis iused ifor 

ispreading ithe icreation iended ia igraph ibuilt ifrom iword 

ico-occurrence idata, ienabling ithe iuse iof iboth idirect iand 

iindirect irelations ibetween iwords. iThe isecond, isupervised, 

imethod iuses ia irather istraight- iforward ico-occurrence 

imethod iwhere ithe ico-occurrence ifrequency ibetween 

iannotated iaspect icategories iand iboth ilem- imas iand 

idependencies iis iused ito icalculate iconditional iprob- 

iabilities. iIf ithe imaximum iconditional iprobability iis 

ihigher ithan ithe iassociated, itrained, ithreshold, ithe 

icategory iis iassigned ito ithat isentence. iWe iplan ito iemploy 

iclustering imethods iin iconjunction iwith ithe imodel ito 

iextract iimplicit iand iexplicit iaspects itogether ito 

isummarize ioutput ibased ion ithe iopinions ithat ihave ibeen 

iexpressed ion ithem iby iusing imachine ilearning itechniques. 
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