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ABSTRACT i 
 i 
Nowadays, ievery ipurchase iwe iplan ican ibe ialleviated iby ithe 

iadvice iof ithose ithat itried iin ithe ipast ithe igiven iproduct. iAs imore 

iand imore ireviews iare iavailable, iit iwould ibe ipractical ito ifilter ithe 

irelevant ireviews inot ionly ito ispeed iup ithe idecision iprocess ibut 

ialso ito iimprove iit. iGathering ionly ithe ihelpful ireviews iwould 

ireduce iinformation iprocessing itime iand isave ieffort. iTo idevelop 

ithis ifunctionality iwe ineed ireliable iprediction ialgorithms ito 

iclassify iand ipredict inew ireviews ias ihelpful ior inot, ieven iif ithe 

ireview ihas inot ibeen ivoted iyet. iIn ithis ipaper, iwe ipropose ia inew 

iapproach iwhich ipredicts ireviews ihelpfulness ibased ion 

isentiment ianalysis. iOur iapproach ifocused ion isentiment ifeatures 

isuch ias ithe idegree iof ipositivity iand ithe idegree iof inegativity, iin 

iaddition ito ithe isimplistic icounts icomputed idirectly ifrom 

ireviews. i iIt ialso iextracts iemotions idimension iby imeans iof 

iemotion ilexicon. iWe iproposed ia isolution ito iinternally iconstruct 

ian iemotion ilexicon iin iorder ito iovercome ichallenges iof iinvented 

iterms, idomain idependency, iand ispelling imistakes. iWe iapplied 

ithe iproposed iapproach ito iFacebook ipages iof isix imedical 

iproducts. iWe iobtain ia iprediction iaccuracy iof i97.95% ithrough 

iSVM ialgorithm. iWe ifound ithat isentiment idegree iand isadness 

iemotion iare ithe imost idecisive isentiment ifeatures ito ipredict 

ireview ihelpfulness. iThe iword icount iand ifrequencies iare 

iimportant ias ithey ireflect ithe irichness iand ithe iseriousness iof ithe 

ireview, ibut isentiment iand iemotions iare imore idecisive ias ithey 

iengage iand iinfluence iusers. i 
 i 
Key iwords: iEmotions, iFacebook ipages, iOn-line icustomer 

ireviews, iReviews ihelpfulness iprediction, iSentiments, iSocial 

imedia. i i 
 i 

1. i INTRODUCTION i 
 i 

With ithe iadvent iof ithe iInternet, ipeople iactively iexpress itheir 

iopinions iabout iproducts iin isocial imedia, iblogs, iand iwebsite 

icomments. iOnline iconsumer ireviews ikeep iplaying ian 

iincreasingly iimportant irole iin ithe idecision iprocess iof ibuying 

iproducts. i iNowadays, ibefore ibuying ia iproduct ior ia iservice, ithe 

icostumers iconsult ithe ireviews ito ilearn ifrom iothers’ iexperience. 

iSometimes ithey ihave ia ispecific iquestion iso ithey iread icarefully 

ithe iavailable ireviews itrying ito ifind ia irelevant iresponse. iFor 

ithem, isimplistic istatistics ilike istars irating iare inot ienough ito 

imake itheir idecisions. iLikewise, ithe iproducers iare iinterested iin 

ireviews ito ikeep itheir icostumers isatisfied iand ito ievaluate itheir 

iproducts iregarding ithe inew ineeds iand itrends. iHowever, ithe 

iavailable ireviews iare inot iall iuseful ito itake ithe idecision. 

iGathering ionly ithe imost ihelpful ireviews iwould ireduce 

iinformation iprocessing itime iand isave iefforts. i 
 i 

There iis ia icrucial ineed ito iprovide ireliable iprediction 

ialgorithms ito iclassify inew ireviews iwhich ihave inot ibeen 

ivoted ibut iare ipotentially ihelpful. iAccording ito iPark iand 

iLee i[1], iusers iare irelying ion ithe ireview iquality imore ithan 

ithe iquantity. iThey ifirst irely ion ithe ivolume iof ireviews ia 

iproduct ireceives ito ievaluate iits ipopularity. iThat iis ito isay, 

iif ithe iproduct iis ienough itested iby iothers ior inot. iThen, iit 

igradually igets imore irelevant ito iusers ito iread iothers’ 

ifeedbacks ito ilearn ifrom itheir iexperiences iand ito idecide. 

iHowever, iwhile imore iand imore ireviews iare iavailable 

ionline, ieven iif ipeople itry ito iread ithe imaximum, ithey iread 

ifewer ireviews ion iaverage. iFor ithis ireason, iaccording ito 

iMalhotra iet ial. iin i[2], iit iis ivery iimportant ifor iretailers ito 

iprovide ithe ibest ireviews iabout ithe iproduct ito iavoid 

iinformation ioverload. iIn ithis icontext, ithere iis ia igreat 

isynergy ibetween ibest ireviews iand ihelpful ireviews. i 

It iconcerns ithe imost ihelpful ireviews ipresent ion isocial imedia. i 
 i 

Several iprevious iworks iexplored ithe iimportance iof ithe 

ireviews ito imodelize ihelpfulness. iIn i[3]-[4]-[5], iauthors 

istudied ithe iimpact iof ireviews icontent ifrom idifferent 

iperspectives. iHowever, ithey imerely ifocused ion istatistics 

icomputed idirectly ifrom ithe itext. iRegardless iof ithe ifinal 

ipurpose, irecent iworks iexplore iemotions ias ian iinteresting 

iway ito iclassify idocuments i[6]-[7]. iThus, iin i[8], iLionel iand 

iPearl itried ito iprovide ia ibetter ialternative ibased ion 

iemotions iextraction iand ianalysis. iThey iadmit ithat 

iemotions iare ipowerful itools ifor icommunication ias ithey 

ievoke ithe ifeelings iof iothers iand iengage itheir iresponses. 

iThen, ithey ijustified ithat iemotions idrive ipeople’s iaction 

iand iregulate itheir idecision iprocess. iLastly, ia ivery irecent 

iwork i[9] istudies ithe irole iof iemotions ifor ithe iperceived 

iusefulness iin ian ionline icustomer ireview. iIt ishows ihow 

iother icustomers iare iaffected iby icustomer ifeedback iand 

iemotions. i 
 i 

In ithis ipaper, iwe ipropose ia inew iapproach iwhich ipredicts 

ireviews ihelpfulness ibased ion isentiment ianalysis. iUnlike 

imany iprevious iworks, iwe idid inot irely ionly ion isimplistic 

istatistics icomputed idirectly ifrom ithe ireviews. iWe 

iexplored ithe ifeasibility iof isentiment ianalysis itasks inamely 

iintensity iclassification iand iemotions iextraction, ito 

iperform ithe iprediction iof ihelpful ireviews. iWe ifirst 

icollected idata iabout imedical iproducts ifrom iFacebook 

ipages. iThen, iwe iautomatically ilabeled ithe ireviews ias 

ihelpful ior inot ibased ion ithe iusers’ iinteractions iand 

iengagement isuch ias ilikes iand iresponses. iFor ithe iintensity 

iclassification iof isentiments, iwe iused iSenticNet i[10] iwhich 

iis ia iconcept-level isentiment ianalysis iframework ilargely 

irecommended iin ithe iliterature i[11]-[12]. iFor ithe iemotions 

iextraction, iwe iproposed ia inew imethod ibased ion ireactions 

ithat iFacebook ireviews ireceive i(like, ilove, ihaha, iwow, isad, 
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iand iangry). iBased ion ithose ireactions iwe icreate ian iemotion 

ilexicon iwhich icontains iemotional iterms iand iits iscores. iSo 

iif ia ireview ihas inot iany ireactions iwe ican iconclude iits 

iemotions ibased ion ithe iconstructed ilexicon. iThe iemotional 

ilexicon iand ilabeled idataset iwill ibe ipublicly iavailable. 

iThrough ithe iconducted iexperiments, iwe isucceed ito ishow 

ithat iboth isentimental iand iemotional ifeatures iimprove 

ihelpful ireviews iprediction iperformance. i 
 i 
2. iRELATED iWORKS i 
 i 

The iultimate itasks iof isentiment ianalysis iare ipolarity 

iclassification, iintensity iclassification, iand iemotion 

iidentification i[13]. iPolarity iclassification iaims ito iclassify ithe 

isentiment ipolarity ias ipositive, inegative, ior ineutral. iIntensity 

iclassification iseeks ito iidentify ithe ipolarity idegree ito idecide iif 

ithe isentiment iis ivery ipositive, ipositive, ifair, inegative, ior ivery 

inegative i[14]. iFurther, iemotion iidentification iattempts ito 

iidentify ithe ispecific iemotion ibehind ithe isentiment isuch ias 

isadness, ihanger, iand ifear i[15]. iSentiment ianalysis ithrough 

imachine ilearning iand inatural ilanguage iprocessing itechniques 

ihas ibecome ia ipopular imethod ito iextract ifeatures ifrom ithe iUser-

Generated-Content i(UGC) i[22]. iExisting istudies ihave ishown ia 

irelationship ibetween isentiment ianalysis iand ireview ihelpfulness 

i[3]-[4]-[16]. iIn i[4], iMudambi iand iSchuff icollected i1587 

ireviews iof isix iproducts ifrom iAmazon.com iand ifound ithat ithe 

iintensity iof ipolarity ican iaffect ireview ihelpfulness. iHu iet ial. i[16] 

iempirically icompared ithe irelationships iamong ireview irating, 

isentiment, iand iproduct isales iby ianalyzing ibook ireviews iat 

iAmazon.com. iThe iresults ishowed ithat isentiment ifeatures ihave ia 

istrong irelationship iwith iproduct isales. iThe imost ihelpful ireviews 

ihave ian iimportant iinfluence ion isales. i 
 i 
In ithe isame icontext, iHwang iet ial. i[17] iinvestigated ithe ieffects 

iof idifferent ifeatures ion ihotel ireviews ihelpfulness iprediction. iA 

itotal iof i3124 ihotel ireviews iwere icollected ifrom 

iTripAavisor.com iand imanually ilabeled iinto ihelpful iand inot 

ihelpful. iThree ikinds iof ifeatures iwere iretrieved ifrom ithe ireview 

itext inamely: iTF-IDF, itopic-model-based iLatent iDirichlet 

iAllocation i(LDA), iand isemantic-based iLDA ifeatures. iThe ilast 

itwo imethods iutilize iLDA itechnique ito igenerate ia iset iof itopics 

ifrom ithe iset iof ireviews. iThen, ieach itopic iis iassociated iwith ia 

imultinomial idistribution iover iwords. iThe iauthors iconsidered 

ialso isentiment ifeatures iin itheir istudy. iHowever, itopic-model-

based iLDA iapproach ishowed ithe ibest iclassification itechnique 

idue ito iits irelatively ihigher irecall irate iand iF1 iwith ithe iuse iof 

ifewer icontent ifeatures. i 
 i 
Instead iof iexploring imore isentiment ifeatures ias iwell ias 

ithe iemotional iones, iZhu iet ial. i[18] iexplored imore 

istatistical iinformation. iThey iinvestigated ithe irelationship 

ibetween ireviewer icredibility iand ireview ihelpfulness iand 

ithe imoderation ieffects iof ihotel iprice iand ireview irating 

iextremity. iThey icollected ia itotal iof i16,265 ihotels ireviews 

ifrom iYelp.com iand iautomatically ilabeled ithem ibased ion 

iusers’ ivotes i(stars ion ireviews). iHowever, iin ithis icase, 

ireviews iwritten iby iopinion ileaders iwould ireceive imore 

ivotes i(if ithe ireviewers igave ithese ireviews imoderate istar 

iratings). iSo ithat ireviews iwritten ispontaneously iby 

iparticular iusers iare inot iconsidered iwhich iwould ilead ito ia 

iloss iof iimportant iinformation. i 
 i 
Although ithe iabove istudies ihave iidentified iseveral 

ipredictors ifor ireview ihelpfulness iin idifferent idomains 

i(hotels, iproducts, iand isales), ithey idid inot iconsider ithe ilink 

ibetween i the i different i kinds i of i

 features. i Exploring isentimental iand 

iemotional ifeatures itogether iwith istatistical ifeatures isuch ias 

iTF-IDF iwould ilead ito imore icomprehensible iand iinterpretable 

iresults. iThe irelationship ibetween istatistical ifeatures isuch ias 

ireview ilength iand isentiment ifeatures isuch ias ithe idegree iof 

ipositivity ishould ibe iinvestigated iin iorder ito iprovide ia imore 

iaccurate ihelpfulness iprediction. i 
 i 
3. i iRESEARCH iMETHOD i 
 i 
Figure i1 iillustrates ithe iresearch iprocess, iwhich ican ibe 

idivided iinto ifive imain isteps: iFacebook ipages iextraction, 

iReactions ianalysis iin iorder ito iconstruct ian iemotional 

ilexicon, iReviews iprocessing iand iautomatic ilabeling ibased 

ion ithe itotal ireactions, iFeatures iextraction, iand iprediction 

imodel iconstruction. i i 
 i 

 
i 

Figure i1: iResearch iprocess. i 
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3.1 iData icollection i 
 i 

Social imedia iplatforms ihave iencouraged iuser-

generatedcontent iproduction. iThus, iit ihas ibeen ia igrowing 

iinterest iin ibig isocial idata ianalysis iwithin iboth iacademic 

iresearch iand ibusiness iworld. iSocial imedia iplatforms 

irepresent ian iinnovative itool ito iachieve iinsights iinto 

ibehavioral ipatterns iof iusers. iCambria iet ial. iin i[19] istudied 

ithe iimpact iof isentiment ianalysis ion isocial imedia ito iextract 

iuseful iinformation ifrom iunstructured idata ito ievaluate 

iconsumer iproducts iand ifinancial iservices. i i 
 i 
In iour iresearch, iwe ichoose iFacebook ias ia isource ito iprovide 

ia ilabeled idata iset ito ipredict ireviews ihelpfulness. iWe 

icollected idata ifrom iFacebook iusing iFacebook iGraph iAPI. 

iWe igathered ireviews ipublished ion ipages iof iknown imedical 

iproducts iin iU.S.A inamely ilife’s iDHA, iMedtronic iDiabetes, 

iNeilMed, iAdvoCare, iNature's iBounty, iClearblue, iand 

iZarbee's iNaturals. iFrom isix iverified iFacebook ipages, iwe 

iextracted imore ithan i3k ipost, iwhen ieach ipost iprovides 

ithousands iof ireviews. iWe idid inot ionly iextract ithe ireview 

itext, ibut ialso ithe iavailable imetrics isuch ias ilikes icount, 

iresponses itexts iand imetrics, iand itimestamps. i i i 
 i 
Figure i2 iis ia isnapshot iof ia imedical iproduct ireviews ifrom 

iFacebook ipages iwhich ishows ithe iinformation iwe ineed ifor 

ithis iresearch. iThe iinformation iincludes: i i 

The ireview itext: iThe itext imay icontains iemoticons ilike i 

iand, iseveral ipunctuations i(., i!, i?), iand imisspelled iwords. i 

Reactions icount: iThere iis ia iset iof isix ireactions ithat iusers 

iuse ito ivote ito ithe ireview iregarding itheir iemotion i(like, ilove, 

ihaha, iwow, isad, iand iangry). i 

Responses: iInstead iof ireactions, iusers ican ireact iby iwriting 

itexts. iIn iits iturn, ia iresponse iis ia ireview iwhich imy ireceive 

ireactions. iSo, iwe iextracted ithe iresponse icount, iresponse 

itexts, iand ireactions ito ithe iresponse. i 

Timestamps: iWe iextract ithe itime iof ithe ireview ias iwell ias 

ithe itime iof iresponse. iThis iinformation ihelped ius iwhile 

ilabeling ithe idataset. i i 
 i i 

 
Figure i2: iExample iof imedical iproducts ireviews ifrom iFacebook 

ipages. i 
 i 
 i 
3.2 iDataset ilabeling i i 
 i 

Some iprevious iworks ichose ito ido imanual ilabeling iby ithe 

iintervention iof idomain iexpert. iHowever, ithe imanual ilabeling 

iis iexpensive iand itime-consuming. iOthers iwork iconducted ian 

iautomatic ilabeling iby iconsidering ireviews irating i(five istars 

inote) ias iusers ivote. iSo ithat ireviews iwith ione ior itwo istars iare 

iconsidered iunhelpful iand ireviews iwith ifour ior ifive istars iare 

iconsidered ihelpful. iHowever, ithose iproceedings iare 

iconfused. iFirst, ia ireview iwith ione ior itwo ireviews imay ibe 

ihelpful ibut inot ivery ihelpful. iSecond, ithe ireview imay ireceive 

imore ivotes iafter ithe idata imining itime. i 
 i 
In iour iresearch, iwe iconsidered iusers ireactions iand 

iresponses ias ivotes. iReactions iand iresponses ireflect iusers’ 

iengagement itoward ithe ireview. iSo ithat ivery iancient ireviews 

iwith ino ireactions iand iresponses iwere iconsidered iunhelpful. 

iHere, iwe iused ithe itimestamp ito iselect ia ilarge iset iof iancient 

ireviews iand ifilter iout ireviews iwith iusers’ iengagement. iIn 

icontrast, ialthough itheir irecency, ithere iis ivery irecent ireviews 

iwith imany ireactions iand iresponses. iThose ilast iare iconsidered 

ias ihelpful. iOur idataset icontains i10,019 ireviews iwhen i5006 

ilabeled ihelpful iand i5013 ilabeled iunhelpful. i 
 i 

3.3 iEmotion iLexicon iconstruction i 
 i 
In isocial inetworks, iif isomeone ireacted ito ian ientity i(public 

ipost, ireview, ior ipost), iit imeans ithat ithe iperson ihas ipositive ior 

inegative ifeelings itowards ithe ientity iin iquestion i[13]. iThose 

ifeelings imay ibe iexpressed iexplicitly ithrough ireviews ior 

iimplicitly ithrough ireactions. iHence, iwe iexplore iFacebook 

ireactions ito iconstruct ian iemotion ilexicon. iThis iresource 

iwould iallow idetecting iemotions iin iany ireview, ieven iif ithe 

ireview idid inot ireceive iany ireaction iuntil ia ispecific itime. i i i 
 i 
There iare isix ikinds iof ireactions ithat iFacebook iusers iuse ito 

iexpress itheir iemotions. iSo, ieach ireaction iserves ito ilearn 

iabout iusers’ iemotions iand ifeelings. iAccording ito iLiu iin i[14], 

iemotions irepresent iour isubjective ifeelings iand ithoughts 

iwhich iarise iin iresponse ito iappraisals ione imakes ifor 

isomething iof irelevance ito ione's iwell-being. iIn ithe icase iof 

iFacebook, iif ithe iuser ifeels iwell, ihe iwould i‘like’ ithe ireview. 

iIf ihe ifeels ivery iwell, ihe iwould i’love’ ithe ireview. iLikewise, iif 

ihe ifound ithe ientity ibad ior ivery ibad, ihe iwill iclick irespectively 

ion i‘sad’ ior i‘angry’. iThe iuser imay ialso ibe isurprised iso ihe 

iwould iclick ion i‘wow’, ior ilaugh iso ihe iwould iclick ion i‘haha’. i 
 i 
From ithe icollected idata iwe iselected iall ithe ireviews iwhich 

ireceived iany ikind iof ireaction. iAfter icleaning ithe ireview iand 

ideleting istop iwords, ibased ion ithe ireactions, iwe iselected 

iterms ireflecting iemotions. iIn ithis ilevel, iwe igot ia ilist iof 

iemotional iterms. iBased ion ireactions icount, iwe igive ia iscore 

ifor ieach iterm. iFor iexample, ithe iterm i‘satisfied’ iappear iin 

ireview i1 iand ireview i2. iReview i1 ihas i5 ilikes, i20 iloves, i0 

ihaha, i1 iwow, i0 isad iand i0 iangry. iReview i2 ihas i15 ilikes, i40 

iloves, i1 ihaha, i12 iwow, i0 isad, iand i0 iangry. iSo, ithe iterm 

i‘satisfied’ ihas i20 ilikes, i60 iloves, i1 ihaha, i13 iwow, i0 isad, iand 

i0 iangry. iThe inormalization iwas idone iby ithe imeans iof ithe 

isum iof iall ireaction. iIn ithis iexample, ithe iterm isatisfied ihas 

i60/94 ilike i(0.64). iThe iconstructed iemotional ilexicon icontains 

i23, i6899 iunique iterms iwith icorresponding ilike, ilove, ilaugh, 

isurprising, isadness iand iangriness iratios. i i 
 i 
Using iexternal iresources ito ianalyze iextracted idata ifrom 

isocial imedia i(including iFacebook) iwould ibe ichallenging idue 
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ito ithe inon-dictionary iwords, icolloquial iterms, ispelling 

imistakes, iand idomain idependency. iIt imay ihappen ithat 

imisspelled iword iis ioften iused iin ia ispecific idomain. 

iMoreover, ia iproduct iname iwritten iusing iupper icase iletters ior 

iredounding iletters iinform ius iabout ithe iemotion iof ithe 

ireviewer. iOur isolution iovercomes ithose ichallenges ias iit iis ian 

iinternally iconstructed iresource. iOur ilexicon icontains 

ifrequent imisspelled iwords i(luvvvv iinstead iof ilove), iterms 

irelated ito ithe idomain i(advocaaaaare), iand iinvented iterms 

i(lol, izzz…). i 
 i 

3.4 iFeatures iextraction i i 
 i 
Predictive ifeatures iare iconsidered ias ithe imain ielements 

iaffecting ithe iperformance iof isupervised iclassification. iIn iour 

iresearch, iwe icharacterize ireview ihelpfulness ithrough ithree 

ikinds iof ifeatures. iIn itotal iwe idesigned i17 ifeatures: i7 

istatistical ifeatures, i3 isentiment ifeatures, iand i7 iemotional 

ifeatures. iStatistical ifeatures icomputed idirectly ifrom ithe itext 

isuch ias ireview ilength iin iterm iof iwords iand isentences iwould 

ihelp ithe iprediction ibut iare ivery isimplistic ito ibe ivery 

iaccurate. i i i 
 i 
Table i1: iFeatures icategories iand idetails i 

Category i Features i Description i 

Statistical i 

WC i Word iCount: iLength iof ireview 

iin iterm iof iwords. i 

SC i Sentence iCount: iLength iof 

ireview iin iterm iof iwords. i 

WSR i Word iper iSentence iRatio. i 

SMC i Spelling iMistakes iCount. i 

IC i Interrogation iCount. i 

EC i Exclamation iCount. i 

CC i Comma iCount. i 

Sentimental i 

SD i Sentiment iDegree. i 

PER i Positive iEmoticons iRatio. i 

NER i Negative iEmoticons iRatio. i 

Emotional i 

EMR i Emotion i Ratio: i

 Emotional iword icount. 

i 

LKR i Like iRatio. i 

LVR i Love iRatio. i 

LGR i Laugh iRatio. i 

SPR i Surprised iRatio. i 

AGR i Angry iRatio. i 

SDR i Sad iRatio. i 
 i 
 i 
Emotions iand isentiments iexploration iis icrucial ito ibuild ia 

imore iaccurate ipredictor. iAccording ito iGarcia iand iSchweitzer 

iin i[20], ihuman ibeings iare iempathetic icreatures ithat iperceive 

iemotions ias iinformation icomparable ito ifactual idata, iwhich 

imakes iemotions ia ivaluable iadditional ifeature iset. iHence, iin 

iour iresearch, iwe iworked ion ithree ifeatures icategories 

iillustrated iin iTable i1. i 
 i 

The istatistical ifeatures iare idirectly icomputed ifrom ithe 

ireview itext. iThrough iWC, iSC, iand iWSR iwe ievaluate ithe 

ireview ilength ifrom idifferent iangles. i iSMC iserves ito ievaluate 

ithe ireview iin iterm iof ispelling imistakes, ias imany imistakes 

iwould imake ithe ireview idifficult ito iunderstand. iIC iand iEC 

ifeature irespectively iinvestigate iif iinterrogation iand 

iexclamation ipunctuation iprovide iimportant iinformation. 

iWhile ithe ipresence iof icomma iis irelated ito idetailing ithings, 

ireviews icontaining imany icommas iwould iprovide imuch 

iinformation iabout ithe iproduct. iTherefore, ithe iCC ifeature 

iwould ihelp ito imodel ihelpful ireviews. i 
 i 
Sentiment ifeatures iare imainly ibased ion ipositivity iand 

inegativity idegree, iand iemoticons ipresence. iTo icompute ithe 

isentiment idegree iof ieach ireview, iwe iused iSenticNet 

iFramework iwhich iallows iclassifying ithe ipolarity iwith 

iintensity iby iattributing ia idegree ibetween i-1 iand i1. iWhile 

ihelpful ireviews imay ibe ipositive ias inegative, iconsidering 

imerely ithe ipolarity i(+ ior i-) irather ithan ithe idegree iwould inot 

iprovide ispecial iinformation. iTherefore, iSD ifeature ivalues 

irepresent ithe isentiment idegree iof ieach ireview. iBesides ithe 

iSD, iwe idesign itwo iothers isentimental ifeatures ibased ion 

iemoticons. iPER iand iNER iare irespectively ithe iratio iof 

ipositive iemoticons iand ithe iratio iof inegative iemotions. iIt imay 

ihappen ithat ia ireview icontains iboth ipositive iand inegative 

iemoticons iat ithe isame itime. i 
 i 
Emotional ifeatures idetail imore ithe isentiment idimension. iA 

ipositive isentiment imay ireflect ilike, ilove, ior iboth iof ithem 

iwith idifferent idegree. iSo ithe itwo ireactions i‘like’ iand i‘love’ 

iallow ias iextracting ithese itwo iemotional idimensions. 

iLikewise, inegative isentiment imay ireflect isadness, iangriness, 

ior iboth iof ithem iwith idifferent idegree. iWe iextracted isadness 

iand iangriness idimensions ibased ion i‘sad’ iand i‘angry’ 

ireactions. iFurthermore, ithe iuser imay ibe isurprised, ior ilaugh 

ion isomething. i iThe itwo ireactions i‘wow’ iand i‘haha’ iallowed 

ius ito iextract ithese ilast iemotions. iBased ion ithe iconstructed 

iemotion ilexicon i(section i3.3), iwe iextract ithe ifirst iemotion 

ifeature iEMR. iThis ifeature irepresents ithe iratios iof ithe 

iemotional iterms ipresent iin ithe ireview. iThen, ibased ion ithe 

isame ilexicon, iwe iextracted iLKR, iLVR, iLGR, iSPR, iAGR, 

iand iSDR ifeatures. iThey irespectively irepresent ithe iratio iof 

ilike, ilove, isurprise, ilaugh, iangriness iand isadness iemotions 

ipresent iin ithe ireview. iOne ireview imay icontain ione ior imore 

iemotions iwith idifferent iratio. i 
 i 
 i 

4. i iEXPERIMENTAL iEVALUATION i 
 i 

In ithis isection, iwe icompare ithe iperformance iof iseveral 

isupervised iclassification ialgorithms ito iselect ithe ibest ione. 

iThen, iwe istudy ithe ifeature iimportance iin iorder ito ishow ihow 

ithe idesigned ifeatures icharacterize ireviews ihelpfulness. i iIn 

i[23], iHari iKrishna iKanagala iet ial. iprovide ia iuseful ireview ion 

iclassification itechniques iin idata imining. iIn iall iour 

iexperiments, iwe iused imachine ilearning ialgorithms ifrom 

iscikit-learn ipackage i[21]. i 
 i 

4.1 iLearning iquality i 
 i 
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Unlike imany iprevious iworks, iour ilabeled idataset ido inot 

iseek ifrom iclass iimbalance. iThe ihelpful iclass iexamples 

i(5006) iand ithe iunhelpful iclass iexamples i(5013) iare ialmost 

iequal. iSo iwe ido inot ineed ito ideal iwith iclass iimbalance iissue. 

iThis iadvantage irefers ito ilarge iamount iof idata ithat iFacebook 

ipages iprovide. iSince iour idataset iis ibalanced, iwe iperformed 

ithe ilearning iphase iwith iconfidence ito iobtain ia imodel ithat 

iaccurately ifits iour iobjective. iWe iexperiment iseveral i i 
 i 
Table i2: iPerformance icomparison iof ivarious iclassifiers. i 

Classifier i TP i FP i TN i FN i 

Random iForest i 92.83 i 07.17 i 99.56 i 00.44 i 

SVM i 99.88 i 00.12 i 96.30 i 03.70 i 

Neural iNetwork i 79.86 i 20.14 i 29.72 i 70.28 i 

Naïve iBayes i 89.55 i 10.45 i 81.31 i 18.69 i 
 i 
supervised iclassification ialgorithms i(SVM, iRandom iForest, 

iNaïve iBayes, iand iNeural iNetwork). iThen, iwe iselected ithe 

ibest ialgorithm iin iterms iof iaccuracy i(ACC), iF-measure i(F1), 

iand iarea iunder ithe icurve i(AUC). iClassifier iperformances iare 

ireported iin itable i2. i iIn iterm iof iACC, iF1, iand iAUC, ithe iSVM 

ialgorithm iachieves ithe ibest iperformance ifollowed iby 

iRandom iForest iand iNaïve iBayes. iThe iNeural iNetwork 

ishowed ithe iworst iperformance iin iterms iof iACC, iF1, iand 

iAUC. i iFor imore idetails iabout iclassifiers iperformance, iwe 

ipresent iin itable i3 ithe iconfusion imatrix iof ieach ialgorithm 

i(true ipositive iTP, ifalse ipositive iFP, itrue inegative iTN, iand 

ifalse inegative iFN). i i 
 i 
Upon ivisual iinspection, iwe iplot iin ithe isame igraph ithe iROC 

i(AUC) icurve iof ieach iclassifier. iThe iabscissa iaxe irepresents 

ithe ifalse ipositive irate iand ithe iordinate iaxe irepresents ithe itrue 

ipositive irate. iAs iillustrated iin iFigure i2, ithe icurve iof iSVM iis 

icloser ithan iothers iclassifiers icurves ito ithe iupper-left icorner 

iof ithe iROC ispace. iThis imeans ithat iSVM iachieve ithe ibest 

itrade-off ibetween isensitivity i(true ipositive irate) iand 

ispecificity i(false ipositive irate). iIt ishows i i 

Table i3: iConfusion imatrix i 

Classifier i ACC i F1 i AUC i 

Random iForest i 96.20 i 96.32 i 96.19 i 

SVM i 97.95 i 97.92 i 97.96 i 

Neural iNetwork i 54.78 i 39.68 i 54.79 i 

Naïve iBayes i 85.43 i 84.81 i 85.43 i 

the ibest iperformance ito icorrectly ipredict ithe ihelpful iclass 

iwith iminimal ifalse ipositive i(classifying iunhelpful ireviews ias 

ihelpful). iSo, iSVM iis ithe ibest iclassifier ialgorithm ito ipredict 

ihelpful ireviews. i i 
 i 
 i 
 i 
 i 

 i 
 i 
 i 
 i i i i i i i i 

 i i i i i i i iFigure i3: iPerformance iclassifiers iusing iROC icurve. i 
 i 
4.2 iFeatures iimportance i 

 i 
 iIn ithis isection, iwe iaim ito icompare ithe irelevance iof ithe 

idesigned ifeatures ithrough iits iprediction istrength iby 

icategories. iTo imeasure ithe iprediction istrength iwe idraw ithe 

ifeatures iimportance iplot iin iRandom iForest iclassification. i i i 
 i 
Figure i4 iillustrates istatistical ifeatures iimportance. iWe 

inotice ithat ithe ifeature iword icount i(WC) iand ithe ifeature iword 

iper isentence iratio i(WSR) iare ithe imost iimportant ifeatures, 

ifollowed iby isentence icount i(SC), iexclamation icount i(EC), 

iand icommas icount i(CC). iWC iand iWSR iallow ievaluating ithe 

irichness, ithe iclarity iand ithe iconsistency iof ithe ireview. iThe 

imore ithese iproperties iare ipresent, ithe imore ithe ireview iis 

ihelpful. iSC, iEC, iand iCC iare islightly ihelpful. iIt iseems ithat ithe 

ipunctuation idoes inot igive iclear iinformation iabout ithe 

ihelpfulness. iPeople iin isocial imedia itend ito ibe imore iinformal 

ito iuse iproperly ithe idifferent ikind iof ipunctuation. iLastly, 

ispelling imistakes i(SMC) iand iinterrogation icount i(IC) iare 

ipoorly idecisive ibecause ipeople iin isocial imedia iare iused ito 

imake imistakes. iIn iaddition, iwhen ithe ireview icontains 

iquestions, iit imeans ithat ithe ireview idoes inot ireally icontain 

iinformation. iInstead, ithe ireviewer iis iasking ifor iinformation. i 
 i 

 i i i i i i i i i  i 
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 i i i i i iFigure i4: iStatistical ifeatures iimportance. i 

Figure i5 iillustrates isentiment ifeatures iimportance. iWe 

inotice ithat ithe ifeature isentiment idegree i(SD) iis ihighly 

idecisive. iThis ifeature igives idetails iabout ithe ipolarity iof ithe 

isentiment irather ithan ibe imerely ibinary. iIn icontrast, ithe itwo 

ifeatures ipositive iemoticons iratio i(PER) iand inegative 

iemoticons iratio i(NER) iare ivery ipoorly idecisive icompared iby 

iSD. iIn ithe ifuture, iwe ishould iconsider iothers iinformative 

iemoticons irather ithan iexplored ionly ipositive iand inegative 

iemoticons. i 
 i 
Figure i6 iillustrates iemotions ifeatures iimportance. iWe 

inotice ithat ithe ifeature isadness iratio i(SDR) iis ithe imost 

idecisive ifeature iamong ithe iemotional ifeatures, ifollowed iby 

iemotions iratio i(EMR) iand isurprise iratio i(SPR). iIt iseems ithat 

iusers iconcentrate imore ion inegative ireviews ias ithey itend ito 

ishare itheir ibad iexperience imore ithan ithe igood iones. iHence, 

iwe ifind ilike, ilaugh, iand ilove iratio ifeatures iare isignificantly 

iless idecisive. iHowever, ialthough iit iis inegative, ithe iangry 

iratio ifeatures i i i(AGR) iis ithe iless idecisive ione. iIt iseems ithat 

iangriness iemotion imake ipeople ispeak ishortly ibut ivulgarly. 

iSo ithey idid inot ishare itheir iexperiences iproperly ito imake 

iothers ibenefit ifrom iit. i 

 i i i i i i i i i i i i i i 

i iFigure i5: iSentiment ifeatures iimportance. i 
 i 

 i i i i i 

i i i i i i i i i i i i iFigure i6: iEmotion ifeatures iimportance. i 
 i 
5. i iCONCLUSION i 
 i 

We idevelop ia imethod ifor ipredicting ithe ihelpfulness iof 

ionline iproduct ireviews iusing isentiment iand iemotions. iWe 

ifirst icollected ireviews ifrom iFacebook ipages iusing iFacebook 

igraph iAPI. iThen, ia ilarge iemotion ilexicon iis ibuilt 

i(constructed) ifrom ithe iFacebook ireactions isince iemotions iare 

ilikely i(known) ito itrigger ireactions. iThis ican ibe iused ito 

iextract iemotions ifrom ia ireview ieven iif iit idid inot ireceive iany 

ireaction. i 

Based ion ithe idifferent ikind iof iusers’ iinteractions isuch ias 

iresponses iand ilikes, iwe imanually ilabeled ia irelatively ilarge 

idataset. iFor ieach ireview, iwe icomputed istatistical ifeatures 

ifrom ithe ireview itext isuch ias iword icounts, iextracted 

isentiment ifeatures iusing iSenticNet iframework, iand 

icomputed i7 iemotional ifeatures ibased ion ithe iconstructed 

iemotion ilexicon. i 

On ithe iresults, iwe idiscussed ithe iperformance iof iseveral 

iclassification ialgorithms iand istudied ithe isignificance iof iall 

ifeatures. iAmong ithese ialgorithms, iSVM iachieved ithe 

imaximum iprediction iaccuracy iof i97.95%. iWe ifound ithat 

inegative isentiment iand isadness iemotion iare ithe imost 

idecisive isentiment ifeatures ifor ipredicting ithe ihelpfulness iof ia 

ireview. iCompared ito ithe istatistical ifeatures, ithey iare imore 

idecisive isince ithey iengage iand iinfluence iusers iwhile 

istatistical ifeatures istill ireflect ithe irichness iand ithe iclarity iof 

ithe ireview. i 

For ifuture iwork, iwe iwill ifocus ion iimproving ithe itreatment 

iof inegative iemotion ias iwe ihave iseen ithat inegative isentiment 

iand iemotion iare imore idecisive ifor ipredicting ithe ihelpfulness 

iof ireviews. iIn iaddition, iwe iwill iexplore imore ithe idiversity iof 

iemoticons ithat iare iused ion isocial imedia ito icover imore 

iemotions iand ienhance ithe icreated ilexicon. I 
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