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ABSTRACT

Nowadays,withtheimprovementincommunicationthroughsocialnetworkservices,amassive
amountofdataisbeinggeneratedfromuser’sperceptions,emotions,posts,comments,reactions,
etc.,andextractingsignificantinformationfromthosemassivedata,likesentiment,hasbecome
oneofthecomplexandconvolutedtasks.Onotherhand,traditionalNaturalLanguageProcessing
(NLP)approachesarelessfeasibletobeappliedandtherefore, thisresearchworkproposesan
approachbyintegratingunsupervisedmachinelearning(Self-OrganizingMap),dimensionality
reduction(PrincipalComponentAnalysis)andcomputationalclassification(AdamDeepLearning)
toovercometheproblem.Moreover,forfurtherclarification,acomparativestudybetweenvarious
wellknownapproachesandtheproposedapproachwasconducted.Theproposedapproachwas
alsousedindifferentsizesofsocialnetworkdatasetstoverifyitssuperiorefficientandfeasibility,
mainlyinthecaseofBigData.Overall,theexperimentsandtheiranalysissuggestthattheproposed
approachisverypromissing.
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Adam Deep Learning, Principle Component Analysis, Random Forest, Self-Organizing Map, Social Networks, 
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INTRODUCTION

Inthistimeoftechnologicaldevelopment,thesocialmediahavebecomethemainwayofhuman
communication.Thebasiccomfortofthepeopleirrespectiveofthedistanceormagnitudeofthe
audienceisonlyallowedinthisplatformofsocialmedia.Recentimprovementintechnologydepicts
thatmostofthedatainsocialmediaappearswithnoise.Oneofthestudiesregardingsocialnetwork
data(Ko&Seo,2000)hasrevealedthatapproximately80%ofthedatacurrentlyavailableinsocial
mediaisfullyunstructured.Asaresultofthis,itismoresophisticatedforsocialplatformstoanalyze



International Journal of Ambient Computing and Intelligence
Volume 10 • Issue 3 • July-September 2019

93

thesedataandobtainviableinformationfromthedatawithoutdelay.Inordertocarryoutthiswork,
twoapproachescalledsentimentanalysisandopinionmininghavebecometheworld’smostimportant
techniques for gaining themost feasible data insights.Socialmedia sentiment analysis candeal
withmanyproblemstobesolvedandhelpstoprovidemanyindicationsincludingpublicopinion,
advertisement,healthcare,andpublicsatisfaction.Discoveringhiddenpatternfromthosecomplexand
complicateddatasetscanimproveoverallpredictionandclassificationinsocialmedia.Forthisgoals
tobeatained,thisresearchworkisfocusedinanalyzingthefeelingsofmanypostsandcommentson
socialmediadatasothatimmediateactionorlegalreactioncanbeconducted.Although,theuseof
miningtechniquestoanalyzingsentimentfromunstructuredsocialnetworkdatahasbecometruly
challenging.Currently,therearemanymethodsavailabletoenhancetheabilityofsentimentanalysis
includingfeatureselection,dataintegration,datacleaning,andcrowdsourcing.Realizingtheworth
ofsentimentanalysisinsocialmediaplatform,thistaskhasbecomeaverypotentialresearchareafor
socialmediaplatforms.Oneofthemainreasonbehindthissituationcanbedemonstratedasfreeand
atanytimeusersauthorizationandevaluationoftheaccounttheyhave,andalltheactivitiescarried
outbyeachandeveryuserofsocialmediaarestoredforfurtheranalysisandmanipulation,inorder
toincreaseuserexperienceandusersatisfactionwiththeseplatforms.Severalrecentworksonsocial
mediaplatformshaveshownthatscreeningofterroristactivitiesandtheperceptionofusersarenowa
mandatorytaskfortheseplatforms.SentimentanalysisisakindofNaturalLanguageProcessing(NLP)
whereallthetextsareprocessed,understoodandsentimentsareanticipatedtopredictsuggestions
totheusersfortheirbetterexperiencewiththatspecificplatform.Thousandsofworkshavealready
conductedbyresearchersinthefieldofproductreviews,politicalparty,tweetupdates,brandsof
products,socialmediaanalysis,etc.(Agarwaletal.,2011).Allthesesystemsexpressopinionsintwo
ways:oneispositiveandotheroneisnegative.But,here,wefocusedonmulti-classclassification
for this contributionandalso includedneutral sentiment.Therefore, from theperspectiveof the
proposedclassification,therearetwoclasses:negativeandpositive.Wehavemainlyconcentratedon
socialnetworkposts,comments,andpublicopinion,andcollecteddatafromFacebook,tweeter,and
Instagram.However,themainfocuswasonFacebookdatabecausethisplatformisoneofthemost
growingplatformsnowadays.Moreover,forstatusupdate,Facebookallowsatotalof5000characters
foruserstosavehugedataintheirowndatabase,andthetotalnumberofFacebookusersishigher
thantheoneanyotherplatform.Itwouldthereforebeeasytocollectsamplesfromthem,andmost
ofthemwillbebasedonreallifeandchallenges.Accordingtoasurveyarticle(Mohammadietal.,
2018),atotalof510000commentsarepostedonFacebookevery60secondsand293000postsare
updated.Realizingthewayshowusersexpresstheiremotionsandopinions,theoverallanalysiscan
beimproved.Therefore,itismandatoryforallthesocialnetworkplatformstocollecttherequired
dataandanalyzethemfurthertotakestepstoaddadditionalfeatures.Inaddition,theusergrowth
rateoftwitterfrom2010to2018(Bruns&Weller,2014)wasshowninastudy,Figure1.

Thisarticleisdividedintosixsectionstobetterclarifytheoverallidea.Nexsection,broadly
introducespreviouscontributionsandideaswhichhavebeenexploredbymanyacademicsaswellas
independentresearchers.Theuseddatacollectionmechanism,resources,requiredAPIandsources
tocollectdata,aredescribedinsection3.Section4referstheproposedapproachesthatwereusedin
thisworktodealwiththeproblemunderstudy.Theexperimentationandresultsarepresentedand
discussedinsection5.Lastly,section6presentstheoverallconclusionsandthefuturedirectionof
theresearchintheareaofsentimentanalysis.

LITeRATURe ReVIeW

Thousandsofresearchshavealreadybeenconductedandmorearecurrentlybeingcarriedoutinthe
fieldofsocialnetworkssentimentanalysis.Machinelearningbasedresearchhasbeenconductedby
manyresearchersinthisfield.SomeusedNaïveBayes,randomforest,andsupportvectormachine
toanalysissentimentofFacebookcomments(Elouardighietal.,2017).Ontheotherhand,researcher
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(Jain&Dandannavar,2016)providesanindicationofusingNaïveBayesalongwithdecisiontree
forclassificationofsentimentfromFacebookdata.Inthiswork,theauthorsproposedamachine
learning frameworkbasedonApache fordimensionality reduction since it focusedonBigData
manipulation.Anotherstudyonsentimentanalysis(Li&Qian,2016)incorporatesthelongshort
termmemory(LSTM)anddynamicconvolutionalneuralnetwork(DCNN).NaïveBayesalongwith
supportvectormachineareusedinthiswork.AccordingtoM.S.Neethuetal.(2013),itcanbea
prospectwayofdevelopingwellformulatedfeaturevectorusingmachinelearningtechniques.In
Chachraetal.(2017),theauthorsusedaconvolutionalneuralnetworkfororganizing,preprocessing
andclassificationofsentences.Theyhaveachievedhighaccuracy,butinthecaseofbigdataand
manylayers,theconvolutionalneuralnetworkbecomeverycomputationalexpensive.Manyworks
onspecificlanguageshavealsobeenconductedbyvariousresearchers;forexample,inSankar&
Subramaniyaswamy(2017),ArabicFacebooktextsarecollectedandanalyzedtoextractthesentiment
associated with those posts, comments, etc. The authors concentrated on several preprocessing
strategieslikecombinationsofextraction(n-grams)andhaveusedweightingschemes(TF/TF-IDF)
forfeaturesconstruction.AccordingtoDuwairi&Qarqaz(2014), theproposeddictionarybased
approachworksbetterthanotheravailableapproaches,butincaseofnewgenerateddatawhichhas
notbeenincludedinthedictionaryyetcanpredictedwrongwhichwillensurepoorperformance.With
theincreasingnumberofusercontributedtextsinsocialnetworkingwebsitesliketweets,product
reviews, andblogs, sentiment analysis andclassificationagendahaveappeared to accommodate
governmentsaswellascompaniestoimprovetheirproductsandservices.Incontribution(Gelbukh,
2017),theauthorshaveparticularlyfocusedonaddressingtheissues,limitations,contraintsonthe
wayofclassifyingsocialnetworksentiments.Moreover,motivationalperspectivebehindsentiment
classification in different fields have also been concentrated on. However, for dealing with the
exponentiallyevergworingdatasetsnewcostefficientmechanismismandatorytobeestablished.
Realizingthisscheme,theauthorsofwork(Agarwaletal.,2013)haveproposedanewapproachby
incorporatingtheinformationofPOSbasedsentiment-richphragesalongwithamachinelearning
approach.Moreover,afeatureselectionmethodforextractingrelevantbi-taggedphrasesandunigram
featureshavebeenemployedforincreasingaccuracyandefficiencyofoverallclassificationtask.The
obtainedoverallexperimentedresultsensuresbetterperformanceoftheproposedapproach.Some
contributionsspeciallyfocusoncombiningtraditionallexicalbasedapproachwithmachinelearning
approachesaccordingtocontribution(Ortigosaetal.,2014),ithasbeencarriedoutbytheauthorsthat
itispossibletogethigheraccuracyforfacebooksentimentanalysis,studentssentimentstowardsa

Figure 1. Graphical representation of Twitter’s user growth rate
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course,forsupportingpersonizedlearning;theauthorshavealsodemonstratedtheirpropsedapproach
invekriedtypesdoffields.Onecontribution(Hassanetal.,2017)wasspecificallyconcentratedon
diagnosinghumandepressionbyanalyzingstatusofthesocialnetworkingsitesinordertoexplorethe
overallideamachinelearningapproach,andtraditionalnaturallanguageprocessingapproacheshave
beenimplementedandapplied.Moreover,theauthorshavealsoemployedemotiontheories(Jiang,
2012)foraccomplishmentoftheirtasks.Therefore,thiscanbeanevolutionalryframeworkforthe
automateddiagnosisofdepression.Inanothercontribution(Rahmanetal.,2018),theauthorshave
deeplyanalyzedtheperformanceofdifferentdeeplearningarchitectureforclassificationofsocial
networksentiment.TheyhavespecificallyfocusedonRecursiveneuralnetworkandconvolutional
neuralnetworkincaseoftenegeerssentimentclassificationofsocialnetworkingsites.Inthisemerging
sectorofsentimentanalysispolarityclassificationoftextmessageshavebeendemonstratedindetails
and effect of supervised, unsupervised and semisupervised approaches have also been analyzed
incontribution(Rersini,2017).Nowadays,manycontributionsarebeingconductedbythousands
of researchers in the fields of sentiment classification, opinion mining, polarity measures, etc.
Consequently,differenthybridmachinelearningapproachesarebeingproposed,andcomparatively
totheotheravailableapproaches,thehybridapproachesperformmuchbetterandfaster.Tospreading
theknowledgeofthehybridmechanisms,thework(Eshaketal.,2017)createsanewvisionpositively
towardstherecentadvancementandfuturedirectiononthosefields.Therefore,sentimentclassification
isextremelyeffectiveandobligateinsocialnetworkmonitoring.Itusuallyauthorizesonetogainan
overallperceptiontowardscomprehensivepublicbehaviorbehinddifferentproducts.Byadopting
real-timemonitoringcapabilities,BandwatchAnalytics(Chentetal.,2017)havemadethesentiment
analysisprocessefficient,easierandquicker.However,themainconcerninthisfieldofresearch
isthatthedatageneratedfromthesocialnetworkingplatformsareincreasinginaexponentialway.
Therefore,toovercomethebigdatasentimentclassificationproblemsmorecompetent,timeefficient,
andlessmemoryconsumingapproachesaremandatoryinordertosuccessfullyprocesstheincreasing
numberofhugedatasets.Otherwise,thissentimentclassificationoropiniomminingagendawill
gobeyondthelimitofhumanknowledge.Thiswillcreateahugeproblemwhichareconnectedto
thisfieldlikevariousonlinebasedorganization,suppliercompany,governmentbodies,andpeople
associatedwiththosefields.Consequently,economicgrowthofacountrywillberuinedandwe
willlagbehind.Meanwhile,itseemsthattraditionalNLPtoolsarenotmucheffectiveandefficient
inmamipulatinghugedatasetsthataregeneratedbymillionsofsocialnetworkusers,millionsof
productreviews,millionsofproductstagging,etc.

Therefore,fordealingwithexponentialgrowthofsocialnetworkdata,herewehavespecifically
focusedondevelopinganewhybridapproachbyincorporatingclusteringbasedunsupervisedapproach
withsupervisedmachinelearningapproachforefficientanalysis,aswellasimmediateclassification
ofsentimentsassociatedwithsocialnetworkcomments,posts,etc.

ADAPTeD MeTHODS

In order to accomplish this work, three methods were used: Self Organizing Map (SOM) for
clustering,PrincipalComponentAnalysis (PCA)fordimentionality reductionandAdamDeep
Learningforclassification.

Self-Organizing Map
SOMhasbeenusedinmanyworksbecauseofitsabilitytocreateclustersbyincorporatingsimilar
data into specified cluster. Initially, after employing the StopWords filtering mechanism on the
tokenizedword’sdocument,thenecessarydataarestoredinaarray(Kamaletal.,2017).Here,the
arrayofsignificantwordsforsentimentanalysisisusedasthebagofwords.Then,afterexecution
oftheTF-IDFinformationretrievalaswellasnormalizationphase,thisapproachisappliedtodivide
thesametypesofdata.Inthiscase,wehaveconsideredthreeclusters.Forattaininghighestaccuracy
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aswellasefficiencyinourapproach,SOMisappliedtothebagofwordssothattheperformance
ofAdamconvolutionalneuralnetworkcanbeimproved.ThemathematicalderivationofSOMis:
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For this work we have divided the input vectorV  into three clusters and stored them in
V V V

1 2 3
, & vectorsbyexecutingthestepsandequationsmentionedabove.Further,theseV V V

1 2 3
, & 

clustersareprocessedusingprinciplecomponenetanalysisfordimensionalityreductionpurpose
incaseofmassivedatasets.

Principle Component Analysis

Toreducethefeature’sdimensionalityoftheclustereddataV V V
1 2 3
, & ,whichhavebeengenerated

afterapplyingSOM,PCAisused(Nandietal.,2015;Virmanietal.,2016;Rajinikanthetal.,
2018).Inthisrespect,fortheinnerinterpretationofPCA,initiallyco-varianceformulaisused
foreachcluster:
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wherexandyaretheinputandoutputfeatures, x
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j
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elementofoutputvectorY,x y& arethemeanvalueofXandYvector,respectively,andjdenotes
thenumberoftheclustertobeevaluated.Therefore,foreverycluster,co-varianceiscalculatedand
storedforfurtheranalysis.Aftergettingallthecovariancevalues,avectorSiscreatedforevery
clustertofindthevaluesofprincipalcomponents:
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whereSisthecovariancevector,I istheidentitymatrix,λ hasthevaluesoftheprincipalcomponents
and i istheclusterunderevaluation.Forsimplicity,let’sassumewehavetwodimensionalinput
vectorandsotherewillbetwoprinciplecomponentequations.However,theseZ and Z

1 2
valuesare
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with,,,arethefinalsingularvaluesoftheprinciplecomponents.
Sincewehaveassumedtwodimensionalinputvector,wewillgettwovalueswhichwillbeused
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Finally,allthevaluesofaareassignedintoEquations9and10togettheprinciplecomponents.
Afteremployingthoseequationoneachclusters,thedimensionalityofthoseclustersisreducedto
twodimensionwhichhelpsthemostwhilenegotiatingwiththemassivefeatureddatasets.
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Adam Deep Learning
Themainaspectof theDeepConvolutionalnetwork is thepresenceofaconvolution layer
whichusuallyembedaconvolutionoperation into the inputdata,passing thedata towards
next layer (Lanetal.,2018;Hodgeetal.,2016;Guoetal.,2017;Krizhevskyetal.,2017;
Jaderbergetal.,2015;Kingma&Ba,2015).WehavealsoevaluatedtheperformanceofAdam
DeepLearning(ADL)withtheavailableneuralnetworkbasedapproaches.Moreover,wehave
appliedAdamoptimizertechniquetoupdatetheparameters.Sinceourdatasetsaremassive
and higher dimensional, we have embedded PCA just before the execution of Adam Deep
Learning.Technically,PCAcreatesanewspacebyconductinglineartransformationonthe
olddata.Therefore,incorporatingthisapproachwithADLincreasesoverallaccuracyaswell
asefficiency.AsthenumberofweightsandparametersincreasesinADL,thenumberofdata
requiredtobeabletodeterminedbecomesmandatoryandincreasesquiterapidlyand,forthis
phenomena,over-fittingbecomesthemainconcern.Theinfrastructurefortheconvolutional
neuralnetworkusedinthisworkisillustratedinFigure2.

Theconvolutionalneuralnetwork’sinputmatrixalwayscoversthesizeoftheinputimage
ordataset.Now,theclusters,whichwerecontructedandprocessedusingSOMaswellasPCA,
are trained using Adam Deep Learning architecture. The calculation inside ADL is
straightforward.Threemodelsareextractedfromthisphasebecauseofthethreeclustersthat
werepreviouslyconstructed. Initially, forwadcalculationmechanism forneuralnetwork is
employedontheinputclustersforADL V V V
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wherekisthecluster’snumber,wistheweightvector,Vistheinputvector.Thisequation
is used for all the neurons of the hidden layer, whereas the convolutional neural layer is
mathematicallydenotedas:
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Figure 2. Overall architecture of the used convolutional neural network
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Theerror ( )E calculationmechanismisalsoneededfortheupcominglayerwithrespect

topartialderivativeeachneuron’soutputofcurrentlayer, δ
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Now,forfurthermovementtowardsourdesiredresults,weneedtocomputethegradientfor
whichwehavetoknowthevalueof:
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whichcanbesimplycalculatedandoptimizedusingAdamOptimizer.Initially,thegradientsstochastic
objectiveattimesteptneedtobecomputedusing:
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Inordertocomputetheweightsofeachconvolutionallayer,thefollowingequationcanbeused:
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PROPOSeD MeTHODOLOGy

Acombinationofunsupervisedclustering,dimensionalityreductionandclassificationbasedapproach
isconsideredsothatsentimentclassificationcanbeattainedwithhighaccuracywithefficiencyusing
alargenumberoffeatures.TheoverallframeworkoftheadoptedapproachisillustratedinFigure3.

Priortofeatureextraction,thecollecteddataispreprocessed.Majorityofthedatacollectfrom
socialnetworkingsitesareunstructuredandcontainsnoisydata,irrelevantdata,specialcharacters,
etc.,whichrestrictsmachinelearningapproachestoworkefficiently.Moreover,fortrainingpurpose,
allthedataneedtobeconvertedintocorrespondingnumericalvalues.Therefore,incaseofachieving
betterperformancefromthemachinelearningapproaches,therepresentationofthedataneedtobe
inapropermanner.Someofthemachinelearningapproachesonlyworkswithspecifiedformats.
Foranexample,RandomForestapproachcannotprocessdatahavingNullvalue.Therefore,data
hastobeclearedbeforeusingRandomForest.Additionally,anotheraspectisthatthedatasethas
tobeformattedinsuchawaythatvariousnumberofapproachescanbeemployedwithoutfurther
edition. For accomplishment of this task initially, our datasets are tokenized and filtered using
StopWordsinNaturalLanguageToolkit(NLTK).Moreover,specialcharactersarealsoomitted.After
that,thedataareconvertedintolowercasetoavoidcasecontradictions.Now,thetermfrequency-
inversedocumentfrequency(TF-IDF)informationretrievalmechanismisappliedtoconvertdata
intonumericalcorrespondingvaluessothatthedatacanbeusedtotrainmachinelearningbased
approaches.TF-IDFisbasicallyoneofthenumericalstatisticthatisactuallyintendedtofindhow
importantawordistoadocumentorcorpus.Mostofthetime,itisindicatedasaweightingfactorin
searchesofinformationretrieval.Here,thetermfrequencyreferstothetotalnumberoftimesaterm
occursineachdocument,andaninversedocumentfrequencyfactorisusedtodiminishtheweight
oftermsthatoccurveryfrequentlyinthedocumentset,andincreasetheweightoftermsthatoccur
rarely.Nowadays,inmachinelearning,itisoneofthemostpopularterm-weightingscheme(Mishra
&Vishwakarma,2015).Moreover,toincorporatewithdifferenttypesofdatasets,normalizationis
conductedinthepreprocessingphaseinordertoassemblethewholedatawithinaspecificrange,
whichensuresremarkableperformance.Almostinallcases,itiscomplextousehigh-dimensional

Figure 3. Overall framework of the proposed approach
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dataforcreatingamodel.Increasingthenumberoffeaturescanleadtoimpoverishedandinconsistent
accuracyandefficiency.Toovercomethisproblem,inthisstudy,principlecomponentanalysisand
self-organizingmapareusedforfeaturereductionandclustering.Sincedifferentsizesofbigdatasets
areconsideredonthiswork,inordertomakethetrainingalgorithmfaster,theinputdatasetisdivided
intothreeclustersusingSelf-Organizing-Map(SOM).Inaddition,thisworkisalsofocusedoninthe
datavisualizationmappingphaseofthedimensionalityreductionmechanismwithinSOM.Then,each
clusteristrainedusingAdamdeeplearningarchitecture,whichensuresgoodaccuracyandefficiency.
ThemaingoalbehindadoptingthisschemeistoreducingthecomplexityofthetrainingusingNeural
Network.Afteranalyzingtheresults,thesentimentsareclassified.Becausedataaresimilarinpattern
andsmallclustersize,thetrainingprocessismuchfasterandtheerrorlower.

eXPeRIMeNTATION AND ReSULTS

Inthiswork,sevendatasetswithdifferentsizeswerestudied.Themajorityofthedatausedwas
collectedbyusingFacebookGraphAPIandTwitterAPIfromFacebookandTwittersocialnetwork
usersagedbetween18and30years.Table1indicatesthedatasetsusedwiththeproposedapproach
forclassificationandanalysis.

Initially,itwasconductedtokenizationofwordsonthedatasetsusingNaturalLanguageToolkit
(NLTK).Thisbuilt-intoolkithelpstotokenizeeverysentencesintowords.Thefollowingdemonstrates
wordtokenizationbyNLTK:

Withtheexecutionofthisphaseontheuseddatasets,resultsfilteredtokenizedwordsbasedonthe
NLTK.corpuslibrary.Astopwordisbasicallythatkindofwordthatasearchengineisprogrammed
toignoreandthosestopwordshavenomeaningforsentimentclassification.Therefore,thesewords
wereignoredbeforethetrainingphase.ThefollowingtokenizedexampleresultedaftertheNLTK
stopwordsfilteringperforming:

Since,machinelearningapproachesalwaysworksonnumericaldata,theinputwordsareconverted
into the corresponding numerical values using the term frequency–inverse document frequency

Table 1. Used datasets

Dataset Number No. of Instances

Dataset1 15k

Dataset2 30k

Dataset3 45k

Dataset4 60k

Dataset5 75k

Dataset6 90k

Dataset7 100k



International Journal of Ambient Computing and Intelligence
Volume 10 • Issue 3 • July-September 2019

102

(TF-IDF)informationretrievalmechanism.Afterthat,Self-organizingmapisimplementedonthose
converteddatatoclusterthemintosimilargroups.Afterclustering,itwasperformedthePCAbased
ADL.Acomparativestudyonthefindingsofboththeapproachesincaseoftimerequirement,space
requirementandtestingerror,hasbeenconductedonthepreprocesseddataandtheobtainedresults
areindicatedinTable2.

All the input data studied here were basically preprocessed by tokenizing into words from
sentencesusingNLTK,thenfilteredusingstopwords.Afterthat,theTF-IDFmechanismwasadopted
to convert the data into corresponding numerical values. The following step employes SOM as
wellasPCAandthenisobtainedthedatarepresentationafterexecutionofthetransverseformof
TF-IDFmechanism.InTable2,“0”representsanegativesentiment,and“1”representsapositive
sentiment.Moreover,theaccuracyoftheproposedapproachwascomputedfortheuseddatasets,
Table3.Hence,Table3let’soneconcludethatwhenweappliedourapproachon15000testcases,it

Table 2. Comparison between findings of ADL and proposed approach

Input Data
Results Testing Error (%) Space Requirment for 

Training (MB)
Time Requirement 
for Training (ms)

ADL Proposed 
Approach Actual ADL Proposed 

Approach ADL Poposed 
Approach ADL Proposed 

Approach

[array([‘will’,‘never’,
‘go’,‘ever’,‘back’])] 0 0 0

Testing
Error:
18.91%
Accuracy:
81.09%

Testing
Error:
11.66%
Accuracy:
88.34%

1365
while
training

729.34
while
training

7645.32
±2for
training

7360.5±
2msfor
training

[array([‘wonderful’,
‘servers’,‘menu’,‘loved’,
‘it’,‘great’,‘friendly’,
‘food’,‘and’])]

1 1 1

[array([‘was’,’not’,‘the’,
‘presentation’,‘of’,‘food’,
‘awful’])]

0 1 1

[array([‘very’,‘service’,
‘is’,‘excellent’,
‘everyone’,‘customer’,
‘attractive’])]

1 1 1

[array([‘was’,‘waiter’,
‘the’,‘real’,‘our’,
‘disappointment’])]

0 0 0

[array([‘you’,‘that’,‘can’,
‘beat’])] 1 1 1

Toalinstances100k

Table 3. Classification results using the proposed appraoch

No. of Instances Instances in Test 
Case (15%) True Classification False Classification Accuracy 

(%)

15k 2250 1905 345 84.67

30k 4500 3830 670 85.12

45k 6750 5797 953 85.89

60k 9000 7810 1190 86.78

75k 11250 9811 1439 87.21

90k 13500 11831 1669 87.63

100k 15000 13251 1749 88.34
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obtained13251trueclassificationsand1749falseclassifications,whichcorrespondstoanaccuracy
of88.34%.Mostremarkableoutcomewehavefoundusingtheproposedapproachisthatitperforms
betterwiththeincreasingsizeofthedatainthedatasets,whichisalmostrareinmostofthemachine
learningapproaches.

Figure4showstheaccuracyrateobtainedforSOMbasedADL,wherex-axisisassociatedto
theaccuracylevel,andthey-axistothenumberofinstances.

Thepercentageerrorratefor15,000instanceswas:

| . |
% . %

84 67 100

100
100 15 33

−
× = 

andfor100,000instanceswas:

| . |
% . %

88 34 100

100
100 11 66

−
× = 

whichisverysmalltothelimitthatcanbeprocessed.Thedifferenceratefor15,000and100,000was:

| . . |

. .
% . %

84 67 88 34

84 67 88 34
2

100 4 24
−

+









× = 

Whenthenumberofinstancesinthedatasetwas60,000,andthenumberofinstancesinthe
testcasewas9000,theconfusionmatrixpresentedinTable4wasobtained.Aconfusionmatrixis
basicallyanerrormatrixandaspecifictablelayoutthatpermitsthevisualizationoftheperformance
ofamachinelearningapproach.Theusedperformancemeasurementmetricswere:

Figure 4. Accuracy rate of the classification results obtained by the proposed approach
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Accuracy
True Positive True Negative

Positive Negative
=

+
+

×
  

100%  (22)

Specificity
True Negative

False Positive True Negative
=

+
×

 

  
100%  (23)

Sensitivity
True Positive

True Positive False Negative
=

+
×

 

  
100%  (24)

Pr %ecision
True Positive

True Positive False Positive
=

+
×

 

  
100  (25)

Recall True Positive

True Positive False Negative
=

+
×

 

  
100%  (26)

FromtheconfusionmatrixinTable4,onecanconfirmthatthetotalnumberoftrueclassifications
was(3830+3980)=7810andoffalseclassificationswas(340+850)=1190.ByusingEquations
22to26,onegetanaccuracyof86.78%,whichismuchbetterthantheonesobtainedbytheother
algorithms considered here. The obtained sensitivity, specificity, precision and recall values are
presentedinTable5.

ThevaluesinconfusionmatrixTable5confirmthattheproposedapproachachivedhighvalues
ofaccuracy,sensitivity,specificity,precisionandrecall.Ontheotherhand,thesimilaritybetween
thevaluesinTable3and4andtheonesobtainedfor60kinstancescanbenoticeabled.Similarly,
Table6indicatestheclassificationaccuracyusingdifferentsizesofdatasetsandalogisticregression
classifier.The findings indicate thatwhen thedata set size is small, accuracyofpredicting true

Table 4. Confusion matrix obtained for the proposed approach

Actual

Positive Negative

Predicted
Positive 3830 340

Negative 850 3980

Table 5. Performance measurement values obtained for the proposed approach

Metric Value (%)

Accuracy 86.78

Sensitivity 81.83

Specificity 92.12

Precision 91.84

Recall 81.83
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classificationsishigherthanforamassivedataset.Forexample,whenthenumberofinstancesare
60,000,thelogisticregressionpredicted7020trueclassificationsand1980falseclassificationsfrom
9000testcases,leadingtoanaccuracylevelof78%,butwhenthenumberofinstanceswas100,000,
thelogisticregressionpredicted10540trueclassificationsand4460falseclassificationsin15,000
testcases,leadingtheaccuracylevelto70.26%.

Figure5showstheaccuracyrateobtainedforlogisticregression,wherex-axisrepresentsthe
number of instances and y-axis the accuracy rate in percentage. Therefore, the overall findings
demonstratedthattheaccuracywasquitemeaningfulforsmallsizeddatasetsandalsonegligibleas
well.But,theperformanceoflogisticregressiondiminishesoverincreasingthenumberofinstances
inthedatasets.

Moreover,percentageerror,whichissometimesreferredtoasfractionaldifference,wasalso
analized. IfE refers to theexperimentalvalue,andA isdefinedas theacceptedvalue, then the
percentageerrorratecanbecomputedas:

Table 6. Classification results obtained applying logistic regression

No. of Instances Instances in Test 
Case (15%) True Classification False Classification Accuracy (%)

15k 2250 1830 420 81.33

30k 4500 3630 870 80.67

45k 6750 5359 1391 79.39

60k 9000 7020 1980 78.00

75k 11250 8670 2580 77.06

90k 13500 9814 3686 72.69

100k 15000 10540 4460 70.26

Figure 5. Accuracy rate obtained for the classification results by Logistic Regression
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%Error rate
E A

A
 =

−
 (27)

Thus,thepercentageerrorratefor15,000instanceswas:

| . |
% . %

81 33 100

100
100 18 67

−
× = 

andfor90,000,was:

| . |
% . %

72 69 99

100
100 27 31

−
× = 

Moreover,thepercentagedifferenceratecanbecomputedas:

%Difference rate
E E

E E
 =

−

+









1 2

1 2

2

 (28)

whereE1andE2aretheexperimentalaccuracyforthetwodifferentdatasets.For15,000and90,000
numberofinstances,thepercentagedifferenceratewas:

| . . |

. .
%

. %

81 33 72 369

81 33 72 69
2

100

11 21

−

+









×

=



Table7presentsthevaluesastotheperformanceofLogisticRegressioninourinputdata.Thetrue
classificationswascomputedas:(3340+3680)=7020,andthefalseclassificationsas:(1160+820)
=1980,whicharesimilartothevaluesinTable6.

Now,applyingEquations22to26,thevaluespresentedinTable8wereobtainedforsensitivity,
specificity,accuracy,precisionandrecall.Thesevaluesarethemeasurementsastotheperformance
oflogisticregressioninourinputdata.However,incaseofcomparisonwithourproposedapproach,
overallperformanceoflogisticregressiondependingonthesemetricesarelesssignificant.

Table 7. Confusion matrix obtained for Logistic Regression

Actual

Positive Negative

Predicted
Positive 3340 820

Negative 1160 3680
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Similarly,Table9presentstheaccuracylevelofclassificationontheuseddatasetsbyapplying
RandomForest.Fromthesefindings,itispossibletoconcludethat,likeLogisticRegression,Random
Forestaccuracyratedecreasedasperthenumberofinstancesincreased.Forexample,for60,000
instances,theaccuracywas62.34%,whilefor100,000instances,theaccuracywas57.19%.Figure
6illustratestheaccuracyrateforthedifferentdatasetswhenRandomForestwasused.

Table 8. Performance measurements of the logistic regression

Metric Value (%)

Accuracy 78.00

Sensitivity 74.22

Specificity 81.77

Precision 80.29

Recall 74.22

Table 9. Classification results obtained applying Random Forest

No. of Instances Instances in Test 
Case (15%)

True Classification False Classification Accuracy 
(%)

15k 2250 1575 675 70.00

30k 4500 3010 1490 66.89

45k 6750 4310 2440 63.85

60k 9000 5610 3390 62.34

75k 11250 6789 4461 60.34

90k 13500 7915 5585 58.63

100k 15000 8579 6421 57.19

Figure 6. Classification accuracy rate obtained by applying Random Forest
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InFigure6,x-axisrepresentsthenumberofinstances,andy-axisrepresentstheobtainedaccuracy.
Thepercentageerrorratefor15,000instanceswas:

70 00 100

100
100 30

.
% %

−
× = 

andforanumberof90,000instanceswas:

58 063 100

100
100 41 37

.
% . %

−
× = 

For15,000and90,000instances,thepercentagedifferenceratewas:

70 00 58 63

70 00 58 63
2

100 17 67
. .

. .
% . %

−

+









× = 

Now,theconfusionmatrixwascomputedfor60kinstances,Table10.
Furtherevaluationontheperformanceachiviedbyrandomforestcanbepossiblefromthedata

inTable10.Thenumberoftrueclassificationswas5610,andoffalseclassificationswas3390,which
wasidenticaltotheonesofTable9.ByusingEquations22to26,theperformancevaluespresentedin
Table11canbeabtained,whichindicatestheoverallperformanceofthisapproachintheuseddatasets.

Compared to logistic regressionand to theproposedapproach, randomforestobtainedpoor
performanceincaseofhugenumberofinstancesinthedatasets.Itobtained62.34%ofaccuracy
whilethenumberofinstanceswas60k,whilelogisticregressionhad78%andtheproposedapproach

Table 10. Confusion matrix obtained for Random Forest

Actual

Positive Negative

Predicted
Positive 3100 1650

Negative 1740 2510

Table 11. Performance measurements obtained for the proposed approach

Metric Name Value (%)

Accuracy 62.34

Sensitivity 64.04

Specificity 60.33

Precision 65.26

Recall 64.04
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86.78%ofoverallaccuracy.Therefore,randomforestcannotbeagoodconsiderationinsuchcases
ofreallifecircumstances.

Table12presentstheaccuracylevelsobtainedbyapplyingPolynomialRegressiononthestudied
sevendatasets.Alsointhiscase,itwasfoundthatthesmallerdatasetshadahigheraccuracylevelthan
thelargerdatasets.Whenthenumberofinstanceswas15k,polynomialregressiondemonstratedaquite
betteraccuracy(76%),butwhenthenumberofinstancesincreased,itreactedbydiminishiungthe
accuracylevel.Forexample,whenthenumberofinstanceswas100k,thisapproachobtained65.34%
ofaccuracy,whichcanbeconsideredaslowwhencomparedtotheonesoftheotherapproaches
consideredinthiswork.Figure7illustratesthetheaccuracyratesagainstthenumberofinstances,
wherex-axisholdsthenumberofinstancesandy-axistheaccuracyinpercentage.

Thepercentageerrorrateforthenumberofinstancesequalto15,000was:

76 00 100

100
100 26 00

.
% . %

−
× = 

Table 12. Classification results obtained by applying Polynomial Regression

No. of Instances Instances in Test 
Case (15%) True Classification False Classification Accuracy 

(%)

15k 2250 1710 540 76.00

30k 4500 3310 1190 73.56

45k 6750 4897 1853 72.54

60k 9000 6251 2749 69.45

75k 11250 7689 3561 68.34

90k 13500 8932 4568 66.16

100k 15000 9801 5199 65.34

Figure 7. Classification accuracy rate obtained by applying Polynomial Regression
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andforanumberofinstancesof90,000,was:

66 16 100

100
100 33 84

.
% . %

−
× = 

For15,000and90,000instances,thepercentagedifferenceratewas:

76 00 66 16

76 00 66 16
2

100 13 84
. .

. .
% . %

−

+









× = 

Whenthenumberofinstancesinthedatasetwas60,000andthenumberofinstancesinthetest
casewas9000,thedatainTable13wasobtained.

From the confusion matrix in Table 13, we can notice that there were a total of 6251 true
classificationsobtainedbyapplyingpolynomialregressionontheuseddatasets.Meanwhile,2749false
ormissclassificationswereobtaionedbypolynomialregression.Therefore,forfurtherevaluationthe
datainTable14wascompute.Hence,Table14presentstheoverallperformanceofthepolynomial
regressionapproachontheuseddatasets.Table14let’soneconfirmthebetteroutcomeofpolynomial
regressioncomparedtorandomforest,butthepoorerperformancerelativelytotheproposedapproach.
Table15presentstheaccuracyclassificationrateobtainedforthesevenuseddatasetsbyapplying
PCAbasedADL.Thefindingsshowthathigheraccuracylevelsoftrueclassificationsresultinbigger
numberofinstantesthaninlowernumberofinstances.

Forexample,thenumberofinstancesequalto15,000,hadanaccuracyrateof83.34%,while
thenumberofinstancesequalto100,000hadanaccuracyrateof86.01%.Thisindicatesthatwhen
thedatasetisbig,theobtainedaccuracyisalsohigh.

Figure8depictstheaccuracylevelobtainedbyPCAbasedADLondifferentsizeddatasets.
Inthisfigure,thehorizontalx-axisholdsthenumberofInstances,andtheverticaly-axisholdsthe

Table 13. Confusion matrix obtained for Polynomial Regression

Actual

Positive Negative

Predicted
Positive 3031 1424

Negative 1325 3220

Table 14. Performance measurements obtained by polynomial regression

Metric Name Value (%)

Accuracy 69.45

Sensitivity 69.57

Specificity 69.32

Precision 68.01

Recall 69.57
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accuracyrate inpercentage.ThepercentageerrorrateforPCAbasedADLwhenthenumberof
instanceswas15,000,was:

83 34 100

100
100 16 66

.
% . %

−
× = 

andwhenthenumberofinstanceswas90,000,was:

85 84 100

100
100 14 16

.
% . %

−
× = 

Moreover,thedifferenceratefor15,000and90,000instances,was:

Table 15. Classification results obtained by applying PCA based ADL

No. of Instances Instances in Test 
Case (15%) True Classification False Classification Accuracy 

(%)

15k 2250 1875 375 83.34

30k 4500 3765 735 83.67

45k 6750 5675 1075 84.07

60k 9000 7649 1351 84.99

75k 11250 9578 1672 85.13

90k 13500 11589 1911 85.84

100k 15000 12901 2099 86.01

Figure 8. Classification accuracy rate obtained by applying PCA based ADL
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83 34 85 84

83 34 85 84
2

100 2 95
. .

. .
% . %

−

+









× = 

Meanwhile,Table16presentstheconfusionmatrixnuiltforPCAbasedCNN.Fromthistable,
onecanconludethatwhenthenumberofinstanceswas60k,atotalof7649trueclassificationsalong
with1351offalseormissclassificationswereobtained.Usingtheperformancemetricequations,
thecorrespondingvaluescouldbecomputed,Table17.

Theexperimentalfindingssuggestedthattheproposedclassifierledtobetteraccuracythanthe
otherapproachesconsideredinthiswork.Moreover,ourexperimentssurprisinglylet’soneconlude
thatourapproachbtintegratingcompetentpreprocessingledtoevenbetterperformancesincases
ofbigaswellashigherdimensionaldata.Thisfeatureismandatorynowadaysbecauseallthedata
associatedwithsentimentarenowunstructuredandmassiveinnature.

Performance evaluation
Ithasbeenpreviouslyprovedthataccuracycanbelargelycontributedbyalargenumberof
TrueNegatives.However,F-Scoremightbeabettermeasure touse forbalancingbetween
precisionandrecall:

F Score− =
+

2 *
*Precision Recall

Precision Recall
 (29)

ByusingthePrecisionandRecallvaluesobtainedbyallstudiedalgorithms,theF-Scorevalues
werecomputedtodeterminethebestperformingapproach,Table18.

Table18presentstheF-measurevaluesobtainedforallthestudiedapproaches.AnalyzingF-score
values,onecanconcludethattheproposedapproachledtomuchhigherscorecomparetivelytoPCAbased
CNNandtoalltheotherapproachesavailableintheliterature.TheF-scorevalueobtainedforSOMbased

Table 16. Confusion matrix built for PCA based ADL

Actual

Positive Negative

Predicted
Positive 3389 640

Negative 711 4260

Table 17. Performance measurements obtained for polynomial regression

Metric Name Value (%)

Accuracy 84.99

Sensitivity 86.93

Specificity 82.68

Precision 84.11

Recall 82.68
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ADLwas86.55.Therefore,theproposedapproachprocessedefficientlyevenonhigherdimensionaldata
aswellasonbigdata.Ontheotherhand,whenthetotalnumberofinstancesinthedatasetwas100k,the
accuracyvaluesobtainedforeachofthestudiedalgorithmsaretheonespresentedinTable19.

Table19allowsacomparativestudybetweenallthestudiedalgorithmsperformingontheused
socialnetworkssentimentdatasets.ItisquiteremarkabletonoticethatSOMbasedADLobtainedhigher
accuracythanpolynomialregression,logisticregression,randomforestandevenPCAbasedCNN.

Figure9presentstheaccuracylevelobtainedbyeachalgorithmconsideredinthiswork.Inthis
figure,X-axisrepresentstheusedalgorithmsandY-axishastheaccuracy(%).Fromthefigure,wecan

Table 18. F-score value obtained for each of the studied algorithms

Algorithm Name Precision Recall F-Score

PolynomialRegression 68.01 69.57 68.78

LogisticRegression 83.09 78.66 77.13

RandomForest 77.46 65.47 64.65

PCAbasedCNN 81.15 82.35 83.39

ProposedApproach 87.67 82.05 86.55

Table 19. Accuracy values obtained for all the studied algorithms

Algorithm Name Accuracy (%)

PolynomialRegression 65.34%

LogisticRegression 70.24%

RandomForest 57.19%

PCAbasedCNN 86.01%

ProposedApproach 88.34%

Figure 9. Accuracies obtained by each studied approach
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determinethattheproposedapproachhasthehighestaccuracylevelcomparedtoalltheapproaches.
Itobtained88.34%ofaccuracy,whilePCAbasedCNNobtained86.01%,inadatasetwith100kof
instances.Therefore,thisconfirmsthesuperiorperformancealongwiththebestefficiencyofthe
proposedapproachcomparedtowell-knownapproachesavailableintheliterature.

CONCLUSION

Sentiment analysis, more specifically, opinion mining has been appearing to be most effective
predictinguser’sattitudeandperceptionstowardsanytopicbyanalyzingbigsocialdata.Therefore,
in this work, we concentrated on unsupervised clustering and dimensionality reduction based
classificationapproach(SOMbasedADL)forclassificationaswellasanalysisofsocialnetwork
sentiments.Forbetteraccuracyandefficiency,wefocusedonAdamoptimizationtechniquetoupdate
convolutionalneuralnetworksparameterswhichhasbeenprovedtobeabetteroptimizercompared
to all the availableoptimization techniques.Moreover, for clear specification,weused thePCA
approachfordimensionalityreduction.Still,therearesomecaseswhereruntimeperformanceis
comparativelyhigh.Toovercomethisissue,ourfutureworkwillbemakingtheproposedapproach
parallelbycombiningparallelapproachesavailablewithinmachinelearningtechniques.Hopefully,
embeddingparallelapproachwillmakeapositivehugedifferenceinmaintaininghighestperformance.
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