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ABSTRACT

Socialmediabigdataoffersinsightsthatcanbeusedtomakepredictionsofproducts’futuredemand
andaddvaluetothesupplychainperformance.Thepaperpresentsaframeworkforimprovement
ofdemandforecastinginasupplychainusingsocialmediadatafromTwitterandFacebook.The
proposedframeworkusessentiment,trend,andwordanalysisresultsfromsocialmediabigdatain
anextendedBassemotionmodelalongwithpredictivemodellingonhistoricalsalesdatatopredict
productdemand.The forecasting framework isvalidated througha case study in a retail supply
chain.Itisconcludedthattheproposedframeworkforforecastinghasapositiveeffectonimproving
accuracyofdemandforecastinginasupplychain.
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INTRoDUCTIoN

Bigdatarepresentsatremendousopportunityforcompanies,asitcanhelptomakebetterdecisions
inanoperational,tacticalandstrategiclevel(Schroeck,Shockley,Smart,Romero-Morales,&Tufano,
2012),withdirectimpactonbusinessprofitability(Waller&Fawcett,2013).Theabilitytodraw
insightsfromdifferenttypesofdatacreateshugevalueforafirm(Dijcks,2013;Kiron&Shockley,
2015).Bigdatapresentsafargreateropportunitythanwhatisbeingutilized.Only0.5%ofbigdata
isbeingutilizedandanalysedwhilethereispotentialforsomuchmore(Guess,2015).Bearingin
mindthishugepotential,literatureprovidingempiricalevidenceofthebusinessvalueaddedbybig
dataanalyticsinasupplychainremainslittleandevenpoor(Wamba,2017).

All supplychainoperationsandactivitiesare set inmotionby the finalcustomers’demand
(Syntetosetal.,2016).Demandforecastingisusedasabasistomakesupplychainstrategy(Marshall,
Dockendorff,&Ibáñez,2013)andforecastingweaknessesisoneofthemainreasonsforsupplychain
failures(Zadeh,Sepehri,&Farvaresh,2014).DemandForecastingcanbeimprovedsignificantlyby
usingbigdata(Chao,2015),especiallythebigdatafromsocialmedia(Arias,Arratia,&Xuriguera,
2014).With an increase in socialmedia activity, therehasbeenanemergenceof academic and
industrialresearchthattapsintothesesocialmediadatasources.However,theutilizationofthese
datasourcesremainatanearlystageandoutcomesareoftenmixed(Yu,Duan,&Cao,2013).
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Companiesfaceachallengeinforecastingwithregardstoanalysingtheirhistoricaldatainthe
samebreathasbigdatafromsocialmedia(Papanagnou&Matthews-Amune,2017).Therehasbeenan
increasedfocusfromsupplychainpractitionerstoleverageeffectsfromunstructuredbigdatasuchas
socialmediadata,butthereisverylittlesupportintermsofempiricalevidence(Syntetosetal.,2016).
Integrationofsocialmediaanalyticsandsupplychainmanagementisneededtocomprehensively
establish‘whatcanbeactuallydone’inthefieldofforecastingwiththehelpofanalytics.There
isapaucityofpredictiveframeworksforforecastingusingsocialmediabigdata.Thispaperaims
tobridgethegapbetweentraditionalforecastingtechniquesandbigdataanalyticsutilizationand
contributestowardsaforecastingplatformusingsocialmediabigdataaswellashistoricalsalesdata.

ThisworkpresentsaframeworktoutilizesocialmediabigdatainBass-EmotionModelintroduced
byFan,Che,&Chen(2017).Theproposedframeworkuses theresultsofsentimentanalysison
FacebookandTwitterfordemandforecasting.Thisworkprovidesempiricalevidenceontheusage
ofsocialmediabigdatafordemandforecastinginsupplychainmanagement(Choi,2018;Schaer,
Kourentzes, & Fildes, 2018). It is one of the first studies that incorporates word analysis, topic
modellingandsentimentanalysistoprovidesocialmediadataparameterstotheBass-Emotionmodel.

LITeRTATURe ReVIew

Big Data Analytics in Supply Chain Management
Diverse,massiveandcomplexdataondifferentdomainsofbusinessandtechnologywhichcannot
beefficientlyaddressedbythetraditionaltechnologies,skills,andinfrastructureisreferredtoas
big data. Most big data researchers and practitioners in general agree on three dimensions that
characterizebigdata:volume,velocityandvariety(Zikopoulos&Eaton,2011).Bigdataanalyticsin
supplychainmanagementcanbedescribedasapplyinganalyticaltechniquesonbigdatatofacilitate
optimizationanddecisionmakinginasupplychain(Souza,2014).Theuseofbigdataanalyticscan
helpusunderstand‘whathashappened,whatishappeningatthemoment,whatwillhappenandwhy
thingshappen’(Feki&Wamba,2016p.1127).Threedistinctanalyticsapproachesforanswering
thesequestionshavebeenclassifiedasdescriptive,predictive,andprescriptiveanalytics(Hahn&
Packowski,2015).Themostvalueduseofbigdataanalyticsinasupplychainistheabilityitprovides
toanalystsinpredictingareactionoraneventbydetectingchangesbasedoncurrentorhistorical
data(Sanders,2014).Theutilizationofcurrentdata,isveryeffectiveinimprovingasupplychain
whichisseeingastartinitsusenowinindustry.Amazonhaspatented‘AnticipatoryShipping’which
predictsbasedonananalysisofpreviousordersandotherfactorssuchascustomers’shoppingtrendto
anticipatethatwhenandbywhomacertainproductwillbeboughtandshipitinadvanceanddeliver
itinstantlyaftertheorderhasbeenplaced(Kopalle,2014).AnotherexampleisthatofDHL.DHLis
implementingbigdataanalyticstore-routetheirvehiclesandre-definethedelivery/pickingsequence
tosavesignificanttime;additionally,DHLhasalsodeveloped‘MyWays’:acrowd-basedplatform
thatassignstheparcelstodailycommuters,studentsandtaxidriversbytheirgeo-locationandusual
routeswhichinturnimprovestheefficiencyofthelast-miledelivery(Jeske,Grüner,&WeiB,2013).

Mostimportantaspectwhichhindersmaximumutilizationofbigdataisthelackofanalytical
techniquesandapplicationswhichcouldbeusedtoconverttheunstructureddatafromvarioussources
tobusinessintelligencefortheuser(Sanders,2014).Thiscallsformorepracticalapplicationsand
techniquestobeintroducedwhichusebigdataanalyticsforimprovingdecisionmakinginsupply
chainmanagement.Tocaterforthiscall,thispaperintroducesaframeworkwhichutilizessocial
mediabigdatatoupdatethedemandforecastwhilealsousinginformationfromtherelatedproduct’s
sale.Theproposedframeworkwillgeneratedirectimplicationstosupplychainpractitionerswhoare
keentoutilizecustomers’opinionsforimprovingtheirdemandforecasting.
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Social Media Analytics
SocialMediaisdefinedas“aconversational,distributedmodeofcontentgeneration,dissemination,
andcommunicationamongcommunities”(Zengetal.,2010p.13).SocialMedia isaneffective
sensorwhen it comes to receiving signals frompotential customers.Socialmediadata contains
emotions,opinions,andpreferenceswhichmakesitpotentiallyusefulasamarketsensingplatform
butwithsocialmediadatabeingqualitative,unstructuredandsubjectiveformofbigdata,itcalls
foradifferentanalyticsapproachfromtraditionalapproachusedinbigdata(Wong,Chan,&Lacka,
2017).Descriptiveanalytics,networkanalyticsandcontentanalyticshavebeenidentifiedasthree
majortypeofanalyticswhichcanbeusedtocreatevaluefromsocialmediadata(Chae,2015).As
theconcernofthisstudyisanalysisofthetextonTwitterandFacebook,contentanalyticswillbe
used.Threemaindimensionshavebeenidentifiedinthecontentanalyticsdomainthroughwhich
socialmediadatacanbeusedtocreatevalueforasupplychainforecastingintheproposedframework
whicharesentimentanalysis,wordanalysisandtopicmodelling.

Sentiment Analysis
Analysingpeople’sopinion,sentiment,evaluation,attitude,judgmentandemotionstowardstangible
orintangibleobjects,issuesorattributes,suchas,product,service,organizations,individuals,events,
topicsisknownasSentimentAnalysis(Liu,2012).TwitterandFacebookareaverytemptingsource
forsentimentanalysisduetothevariety,velocityandvolume(3vsofbigdata)oftheavailablecontent.
Butinformalstyleofpostsandtweets,lengthoftweets,theresultinguseofspecialsymbolsinposts
makesitchallengingtoextracthighperformanceresultfromanalysisonthesesources.Appraisal
theory(Scherer,2005)describesawaytoextractsentimentfromtext.ArnoldandPlutchik(1964)
introducedthebasicconceptofthetheory.Thetheorylaysbasisforstructuredsentimentextraction
thatisbasedonappraisalexpression,abasicgrammaticalunitbywhichanopinionisexpressed.
KorenekandŠimko(2014)utilizedappraisaltheorytoanalysemicroblogsusingsentimentanalysis
andcategorizesentimentsaspositive,negativeandneutral.Thesentimentshavebeencategorized
in theproposed frameworkutilizingconcepts fromappraisal theory.Variousorganizations from
differentsectorshaveusedsentimentanalysisforgatheringinformation,predictingmarketresponse,
election results, product innovation, improving customer service, stock forecasting and supply
chainmanagementasshowninTable1.Machinelearning,lexiconbased,statisticalandrulebased
approachesarethemostwidelyusedmethodsforsentimentanalysis(Medhatetal.,2014)butn-gram
analysisandartificialneuralnetworksmethodshavealsobeenused(Ghiassi,Skinner,&Zimbra,
2013).Fanetal.(2017)usedNaïveBayes(NB)algorithmforsentimentanalysisononlinereviews
foruseinproductforecasting.NBalgorithmisbettersuitedtoclassificationswheretextistreated
independently.Cuietal.(2017)usedSupportVectorMachine(SVM)forclassifyingtextfromsocial
mediaforeventdetection.Intheproposedframework,bothNBandSVMalgorithmareusedbut
differentfromallitisbeingappliedonsocialmediadatafromTwitterandFacebookandisusedin
conjunctionwithtrendandwordanalysisresults.

Topic Modelling
Social media sources provide huge amount of information every day and with proper tools an
understanding of the trends of that information for actionable insights can be developed. Topic
Modellingistypicallyusedtouncoverindustrydataacrossacertaintopicordomain(Kwak,Lee,
Park,&Moon,2010),suchasproductdemands,consumerinsights,andservicequalityofanindustry.
Itcanhelpbusinessmanagersordecisionmakers topredict thefuturebehavioursor trendsofa
communitybasedonarelevantsetofdata.LansleyandLongley(2016)demonstratesawaytouse
Twitter information toanalyseandpresentgeographical trendsusingLatentDirichletAllocation
(LDA).Blei,NgandJordan(2003)describesLDAasanunsupervisedmodelwhichisusedtofind
possibletopicsfromcollectionsoftext.
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Word Analysis
Wordanalysisofsocialmediadataencompassestermfrequencyanalysis,wordcloudformationand
clustering(Chae,2015).Termfrequencyisusedtoidentifykeywordsandphrasesfromthedataset
byuseofalgorithmssuchasn-gram.N-gramcombinesadjacentwordsoflength‘n’fromthegiven
dataset tocapture the languagestructure fromstatisticalpointofview.Wordcloud isavisually
appealingmethodtogetanoverviewofthetext(Heimerletal.,2014).Wordanalysishavebeenused
frequentlyinliteraturefortextsummarization(Kuo,Hentrich,Good,&Wilkinson,2007),opinion
mining(Wuetal.,2010)andtextvisualization(Stasko,Görg,Liu,&Singhal,2007),patentanalysis
(Kochetal.,2011)andinvestigativeanalysis(Staskoetal.,2007).Intheproposedframework,word
analysisisusedtogetanoverviewofthetextbeingusedfortheselectedkeywordsandtoidentify
relatedwordstoaddtothesearch.

Table 1. Studies based on sentiment analysis

Research Topic Previous work with description

StockForecasting Ariasetal.(2013)andBollenetal.(2011)haveused
socialmediaanalyticsforstockforecastingusingtwitter
information.
Srivastavaetal.(2016)and(Zhang,Xu,&Xue,2017)
usedsentimentanalysisandtransactiondatatopredict
markettrendsforstockmarketcustomers.
Ren,WuandLiu(2018)usedSVMwithsentiment
analysistopredictmarketmovements.

Brandmanagement Ghiassietal.(2013)haveusedsentimentanalysisfrom
twitterdataforbrandmanagementemployingtechniques
suchasn-gramanalysisandartificialneuralnetworks.

Electionresults Oliveira,BermejoanddosSantos(2017)comparedresults
fromsentimentanalysisonsocialmediadatatotraditional
opinionsurveysandfoundit1to8%moreaccuratefor
predictingelectionresults.
Giglietto(2012)usedlikesonFacebookpagestothe
studythepredictivepowerofFacebooktoforecastItalian
electionsin2011.

ProductInnovation KIAmotorsandTheRoyalBankofCanada,haveused
sentimentanalysistoinnovatenewproducts(Kite,2011).

SupplyChainManagement Singhetal.(2017)presentedaframeworkforimproving
supplychainmanagementinfoodindustryusingsentiment
analysis.
SwainandCao(2017)exploredthesharingofinformation
bysupplychainmembersonsocialmediaandbyusing
sentimentanalysisgaugeditsassociationwithsupply
chainperformance.

BoxOfficeForecasting AsurandHuberman(2010)presentedastudytousedata
fromTwitterforBoxOfficeforecastingusingsentiment
analysis.

CustomerService BankofAmericausedsentimentanalysistorecognizekey
issuesfacingtheircustomersbycollectingandanalysing
textsfromdifferentsocialmediasources(Purcell,2011).
Malhotraetal.(2012)usedsentimentanalysisto
implementimprovedmarketingmethodsusingTwitter.
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Social Media Analytics in Supply Chain
Gettingaccurateinformationfromextremelynoisydatasuchassocialmediadata,isabigchallenge
andasisunifyingallsocialmediadataandmakingsenseofit,whichhinderswideuseofsocial
mediaanalytics.Table2lists themajorstudieswhichhaveusedsocialmediabigdata insupply
chainmanagement.Inthelastfewyears,therehasbeenagrowinginterestinutilizingvaluefrom
socialmediadatainsupplychainmanagementasevidentfromTable2.Butthereisstillalackof
accuratemodelsforsupplychainmanagementwhichutilizesocialmediadata.Oneofthereasonis
thatwithextremelynoisysourcessuchasocialmediagettingtheexternalcasualfactorsrightisa
bigchallenge.Makingsenseofallthecasualdata(particularlysocialmedia)posesabigquestion
for supplychainpractitionersandsoftwaredevelopersand requires further research (Syntetoset
al.,2016).Theframeworkproposedinthispapertriestoaddressthisissue.

FRAMewoRK

Theauthorshavedevelopedaframeworkforextractingmaximumbenefitsoutofsocialmediainterms
ofproductforecasting.Threemaindimensionswereidentifiedfromtheliteratureandexperimentation
throughwhichsocialmediadatacanbeusedtocreatevalueindemandforecastingwhicharesentiment
analysis,wordanalysisandtopicmodelling.Theframeworkutilizesthesedimensionforusingsocial
media analytics to improve demand forecasting. The framework consists of data collection and
preprocessing,sentimentextractionandbuildingofforecastingmodelasshowninFigure1.

Data Collection and Preprocessing
Dataiscollectedandpreprocessedusingfollowingmethodsinthegivenorder.

Table 2. Use of social media analytics in supply chain

Research Topic Previous work with description Used Feature

SupplyChainForecasting (Chong,Li,Ngai,Ch’ng,&Lee,2016)conductedastudy
usingneuralnetworkandsentimentanalysistoseeeffectof
onlineusergeneratedcontentsonproductsales.

Three-layeredneural
network
SentimentAnalysis

Choi(2016)analyticallyexploredtheimpactofpositive
sentimentonsocialmediaonmarketdemandoffashion
retailers.


WordAnalysis

Beheshti-Kashi(2015)exploredwhethermicroblogging
websitessuchasTwittercanbeusedforpredictingfashion
trends.


TrendAnalysis

Boldtetal.,(2016)testedutilizationofFacebookdatafor
predictingsalesofNikeProductsandtheeffectsofeventson
activityonNike’sFacebookpages.


EventStudy

SupplyChain
Management

Chae(2015)developedaframeworktostudyusefulnessof
twitterinformationinsupplychainmanagement.

DescriptiveAnalytics
ContentAnalytics
NetworkAnalytics

SianiparandYudoko(2014)concludedintheirworkthat
socialmediaintegrationwithasupplychaincanbehelpful
toimprovecollaborationamongsupplychainsandto
increasetheagileresponseofasupplychain.

ContentAnalysis


Singhetal.(2017)presentedaframeworkforimproving
supplychainmanagementinfoodindustryusingsentiment
analysis

SentimentAnalysis
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Keywords Identification
Thefirststepistoidentifytheinitialkeywordstobeprovidedbytheuser.Keywordsareusedto
harvestpublicdatafromFacebookandTwitterwhichareselectedafterinputfromtheuser.N-gram
isthenapplied.

Figure 1. Overview of the demand forecasting framework using social media big data
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API Streaming
TheprocessofgettingdatafromTwitterandFacebookisthenextstepanditstartsauthentication
fromTwitterandFacebookAPIsandestablishingaconnection.Aftertheauthentication,datacan
becapturedusingdifferentplatformssuchasRandPython.

Data Cleaning
TheTwitterandFacebookdataextractedcontainsalotofdetails(tweets,posts,numberofcomments,
coordinates,embeddedURLs,hashtags,retweetcount,numberoffollower,username,location).This
dataisthentransformedusingdataparsing,datacleansingandnoisecancellationtogetonlyrelevant
dataforanalysis.AllthoseSMDs(SocialMediadatasets)collectedfromFacebookandTwitterareto
beneglectedwhichcontainedlessthanthreewordsastheydidn’trepresentthecustomercomments
infocus.SMDsfromuserswith2000pluspostsortweetsarealsodiscarded.Ifauseristweeting
orpostingonthesamesubjectwithhighfrequencythosewillalsobediscardedtopreventbiasas
theresultswhichincludetheseareskewedbythecompany’smarketingcampaign.Beheshti-Kashi,
Karimi,Thoben,Lütjen,&Teucke(2015)hadsimilarresultsintheirstudywhentheyfoundURLs
linkedofsuchtweetsandpoststoeBayshops.Inthefinalstepofdatacleansing,thepre-processing
ofthecollecteddataisdonewhichismainlycleaningthedata.ThisincludesremovingURLlinks,
symbols,punctuationandspacestotransformcases.

Word Analysis
Wordanalysisofsocialmediadataencompassestermfrequencyanalysis,wordcloudformationand
clustering(Chae,2015).Termfrequencyisusedtoidentifykeywordsandphrasesfromthedataset
byuseofalgorithmssuchasn-gram.Intheproposedframework,n-gramsthatoccurwithfrequency
abovetheselectedthresholdareselected.Thisstepinvolvesidentifyingkeywordsfortheproducts
usingwordanalysis.Itisthenlatercomparedtoquantitativeresultfromthesentimentalanalysis
obtainedbyratingpositiveandnegativewordsbeingused.BoundingBoxesandrestrictingregion
approachisusedwhichhelpsinextractingmoreusefuldatafromtheAPI(Singhetal.,2017).Specific
keywordsandexactregionsareusedtomakesureoftheaccuracyofthedata.

Sentiment extraction
Inthesecondmajorpartoftheframworktopicmodellingisperformedtoformdifferentgroupsof
textextracedfromFacebookandTwitterintermsofproducttype,colourandbrand.

Topic Modelling
LDAisusedintheproposedframeworktoidentifytopicsrelatedtoaproductandthenperform
sentimentanalysisonthegroups.Itisdescribedasanunsupervisedmodelwhichisusedtofindpossible
topicsfromtextcollections(Bleietal.,2003).LDAisappliedusingRandthelibrary‘topicmodels’.

Sentiment Analysis
Liu(2012)providesanEnglishLexiconofabout6800wordswhichhasbeenamendedandusedfor
thepurposeofSentimentAnalysis.NBmethod(Yuetal.,2013)isusedforpolarityclassification
withtheaimofobtainingasentimentindexforeachSMD.Threecategoriesofsentimentarepositive,
negativeandneutral.ThevalueofWtk  iscalculatedusing theNBandSVMmethod.‘R’ is the
softwareusedinthisstudy.NBisappliedusing‘E1071’libraryinRandSVMusing‘caret’package
inR.‘Caret’packagehasinbuiltalgorithmsfordifferentmachinelearningalgorithmsincluding
decisiontree,K-NearestNeighbours(KNN)andSVM.Inthisinstance,theauthorsareusingonly
SVMfromcaretpackage.
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Thesentimentindexintimeperiodt,Wt ,iscalculatedbyW W ct
h

tk= ×∑( ) wherevalueof

‘c’ is from1 to -1dependingon thecategoryofWtk i.e. sentimentvalueof theSMD(positive,
negative,neutral)andhisthenumberofSMDs.

Forecasting Model
Inthisframework,theBassEmotionModel(Fanetal.,2017)isextendedtoincludesentimentanalysis
resultsfromSMDscollectedinthefirststep.IntheBassmodel(Bass,2004),potentialbuyersare
classifiedasinnovatorsandimitators,andthenthegeneralformoftheBassmodelisasfollows.

S t m e
q
p
e

p q t

p q t
( ) = −

+ ×

− +( )

− +( )

1

1


whereS(t) is thecumulativesalesby theendof timeperiod t.p refers to thecoefficientof
innovation,q refers to thecoefficientof imitation,andmrefers to the totalnumberofpotential
adopters.mandparecalculatedusinghistoricalsalesdata.qisrelatedtothesentimentandcanbe
perceivedasa functionof thesocialmediasentiment q f Wt= ( ) .FromtheSMDs, ifpositive
sentimentisobtaineditmeansthatsocialmediausersaretalkingpositivelyabouttheproductandit
givesapotentialincreaseinadoptersqandviceversa.Thefunctionisdescribedas

q q q
q q q e

m

m Wt
=

+ −( ) −

0

0 0 γ


whereqdenotestheeffectofwordofmouthviasocialmedia.q0referstotheminimumofq,qm
referstothemaximumofq.ϒisaconstantthatrepresentstheslopeofthesalescurve.ϒiscalculated
usinghistoricalproductdata.

CASe STUDy

Thestudywasconductedatanapparelretailcompany.Focalcompany’sbusinessmodelisbuying
and selling apparel products. The suppliers are from different countries encapsulating Far East,
SouthAsiaandEurope.Clothesareimportedfromthesecountriesaswellasboughtfromthelocal
marketandthensoldtomorethan60countriesthroughouttheworld.Thecompletesupplychainis
hugespanningfourcontinents.Thefocalapparelretailcompanywaschosenbecauseofimportance
of customer-orientedcontent inapparel industryandbecauseof the focal company’s significant
presenceonsocialmedia.

Itisdifficulttocoordinatelongerapparelsupplychains,soitbecomesreallyimportanttohave
veryaccuratedemandforecasting(Syntetosetal.,2016).Traditionalforecastingmethodsliketime
seriesdatadon’tworkparticularlywillinanapparelindustryasdesignsanditemsofoneseasonare
typicallyreplacednextseasonbynewcollectionsandtrends,andtherefore,companiesoftenfacea
lackofhistoricalsalesdata(Thomassey,2010).Moreover,demandintheindustryissignificantly
influencedbyadditionalfactorssuchastheeconomicsituation,eventsorchangingweatherconditions
(Thomassey,2014).Manypractitionershavebeenusingunivariatemethod(Auetal.,2008)forsupply
chainforecastinginapparelindustrywhichutilizeshistoricalsalesdataanditisassumedthatthe
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underlyingvariationofdataisconstant.Forinstance,WongandGuo(2010)utilizedone-step-ahead
salesdatatopredictthesalesofmedium-pricedfashionproductsinMainlandChina.Auetal.(2008)
usedprevioustimeseriesdatatopredictthesalesofT-shirtandjeansfromseveralshopswiththe
useofneuralnetworks.Thesalesofproductsinapparelindustryarevolatile,ofteninfluencedby
changingtrendsandweatherconditionsandevents.So,fortheforecastingpurposes,itisnotright
tohypothesizethatthetrendoftimeseriessalesdataisunchanged.Tocopewiththis,researchers
integrateother influencingfactorsas theinputsofforecastingmodelsbesidesthehistorical time
seriesdata,whichisknownasmultivariateforecasting.Beheshti-Kashi(2015)haspresentedcurrent
fashionforecastingapproachesintheindustryandacademia.Mostsuccessfultechniquessurveyed
wereExtrememachinelearning(Sun,Choi,Au,&Yu,2008),evolutionaryneuralnetwork(ENN)(Au
etal.,2008;Wong&Guo,2010),ThomasseyandHappiettefuzzyinferencesystems(Thomassey,
Happiette,&Castelain,2005)andhybridintelligentsalesforecastingmodel(Aburto&Weber,2007).

Mostoftheforecastingmodelsdiscussedabovegivereliableresultsformiddleandlong-term
forecasting.Butduetoaverycompetitivemarketandshortsellingspanaccurateandcustomercentric
andshort-termforecastingisnecessary.Withtheadventofinformationtechnologyandaffordable
informationsystems,mostcompanies(bigandsmall)havedevelopedorimplementedinformation
systems fromwhich theyget sales reports,graphsandeven forecasts.With theadventof social
mediadata,thisisnotenoughtobecompetitive.Datagatheredbythecompaniesneedstoaddthe
informationcirculatingonsocialmedia,whichcoulddeliveranothertypeofinsightforforecasting
andresultintheincreasedcompetitivenessespeciallyforcreativeindustrysuchasapparelindustry
withtheinvolvementofpotentialcustomersinstyledesign,colourpreferenceandjudgingtrends,
andscopefornewproducts(Banica&Hagiu,2016).

Shorttermforecastingmethodshavenotbeenexploredasmuch(N.Liu,Ren,Choi,Hui,&Ng,
2013).Shorttermforecastingisveryimportantintheapparelindustrybecauseoftheever-changing
trendsandshortsellingtimes.Forthispurpose,Beheshti(2015)suggestedaddingsocialmediato
thediscussionoffashionforecastingandSyntetosetal.(2016)predictedthatfutureofsupplychain
forecastingwillincludepredictiveanalyticsbasedonsocialmediadata.Foranapparelsupplychain,
therecanbemultipletopicsofinterestwhicharebeingdiscussedinsocialmedia.Theauthorstryto
utilizethesetopicstomakethisdataviableusingtheproposedframeworkforsupplychainforecasting
inapparelindustry.

Fortheimplementationoftheframework,companysalesandsocialmediadatai.e.Twitterand
Facebookdatawascollected.Thisdatawascollectedforaperiodofsixweeks.Datacollectionfor
thisstudybeganinJuly2016anddatawascollectedtillAugust15,2016.Beheshti-Kashi(2015)dida
studyforexplorationoftrendsusingtwitterandfoundoutithardtopresentthefindinginquantitative
form.Tocaterforthisissue,theauthorsexpandedthestudybyanalysingspecificitiesandincreased
theamountofdatacollectionbyincludingbothFacebookandTwittersoresultscouldbepresented
inquantitativeform.Theperiodofsixweekswaschosenwiththeinsightsfromtheuser,whichin
thiscaseisthesupplychainmanagerofthefocalcompany.‘Shorts’wereselectedastheproductto
beusedforthestudy.Forcollectionofdatafromsocialmediai.e.TwitterandFacebook,APIswere
usedandtherelatedSMDswasanalysed.OnlythoseSMDswereselectedwhichwereeitherbrand
related,producttyperelated,orafashiontrendrelated.Datawascollectedevery7daysastwitter
allowedtweetstobecollectedwhichwere7-8daysold.SMDswereextractedforbrandandproducts.
Hashtagsandtextsforthebrandssoldbythefocalcompanywereanalysed.Thetotalnumberof
tweetsanalysedwere1,208,650.Forthecategoryproducttypeshortswerechosenastheywerethe
mostsellingitemasthedatawascollectedinsummers.SMDswerecollectedagainstdifferenttype
ofshortsasshowninTable3andfordifferentbrandsasshowninTable4.Asthisdataofbrandswas
analysedtherewerealotofdatawhichwasn’trelatedtothebrandorproductsofthefocalcompany.
Onesuchexamplewas#nextbeingusedforelectioncampaigninUnitedStates.Afterextractionof
text,itwasusedtoformwordcloudswhichcanbehelpfulinmanualinspectionofthedatagathered
astheviewercangetageneralideaaboutthekindofwordsbeingusedandthiscanlaterbeusedfor
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crosscheckingtheresultsobtainedbysentimentalanalysistomakesurenoanomalyhasoccurred
duringtheprocess.WordCloudswereformedbeforeandafterprocessingandcleaningofdatato
investigatemanuallythedatasetbeingusedforsentimentextraction.Figure2displaysawordcloud
forkeyword‘nike’beforedatacleaningprocess.Thenoiseinthisdatasetisevidentastherearewords
fromdifferentlanguagesandsomecompletelyunrelatedwords.Figure3displaysthewordcloud
afterdatacleaningwhichremovesalltheunrelatedSMDs.

Foraperiodof6weeks,theSMDswereanalysedandthencomparedtothesalesperiodfor
thatperiodaswellasnext6weeks.Table5showsthesentimentanalysisscorefordifferentproduct
categoriesafterapplicationofSVMandthencalculationofparameterq.Analysisofsentimentscore
showthattheamountofsaleshadacorelationwiththesentimentaroundthatparticularbrandor
colour.Therewasnocorelationfoundwhensentimentanalysiswasdonefortheproducttypewhich
couldbeattributedtothenoiseinthedataassinglewordorsingleproductsearchwassusceptibleto
muchmorenoisethanasearchusingwordsformultiplecharacteristics.Multiplecharactersearches
withpositivesentimentleadtoanincreaseinsaleandthenegativesentimentleadtoadecrease.
AnalysingthetweetsandFacebookcommentsforrunningshortsandrunningasentimentanalysison
itusingSVMandNBmethods.ComparisonoftheresultsofthesemodelshavebeenshowninTable7.

Figure 2. Word cloud for brand ‘Nike’
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TheresultsfromsentimentanalysiswerethenusedinBassEmotionmodeltopredictthesales.
Theparametersm,pandγforBass-Emotionmodelwerecalculatedusinghistoricalsalesdataandq
wascalculatedusingsentimentanalysisfromSMDs.ParameterscalculatedarerepresentedinTable8.
AlltheseparameterswerecalculatedusingR.Table6showstheforecastingaccuracyoftheproposed
emotionenhancedmodelwhichisasignificantimprovementontheforecastingaccuracyoforiginal
BassModel.Figure4displaystheforecastedvaluesusingproposedmodelcomparedtoactualvalues.

CoNCLUSIoN

ThispaperintroducedaframeworkthatprovidesawayofutilizingsocialmediabigdatainBass-
Emotion Model for demand forecasting using results from sentiment analysis on Facebook and
Twitterdata.Associalmediadataisverynoisy,itisdifficulttomakeaccuratepredictionsfromsocial
mediadataaboutproductsingeneralbutiftheproductsarebrokendownandmultiplecharacteristics
searchisappliedthentheinformationwhichiscollectedcanbeconvertedasademandforecasting
andmarketortrendsensingtool.Themajorfactorinextractingvaluefromthesocialmediaisto
applymultipledatacleaningtechniquesinconjunctionwithoneanother,sothedatasubjectedto

Figure 3. Word cloud after data cleaning
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lateranalysisgivesreliableresultsasdescribedintheframeworkpresentedinthepaper.Morethan
1200,000tweets,postsandcommentsfromFacebookandTwitterwereanalysedinthecasestudy.
Thestudyshowedthatsocialmediabigdataisextremelyusefulforapparelindustryandcanbevery
effectiveifusedtosupportdemandforecasting.Withpropermodellingandimplementationofright
techniques,socialmediabigdatahasthepotentialtohelpforecastwithaccuracy.Resultsfromthis
studyshowsacorelationbetweencustomersopiniononFacebookandTwittertoactualsales.The
frameworkpresentedinthisstudycanbefurtherverifiedandimprovedwiththehelpofcasestudies
tomakeitareliablemechanismforusingsocialmediabigdataindemandforecasting.

Asthisarelativelynewresearcharea,thereisaconsiderableneedforenhancingourunderstanding
socialmediadatainsupplychaincontexts.Oneareawhichneedsurgentwork,isdevelopingdetailed,

Table 3. Keywords used for SMDs extraction for ‘shorts’

Shorts#nike Shorts#green Shorts#swimming zara#swimmingshorts

Shorts#adidas Shorts#navy Shorts#running zara#runningshorts

Shorts#reebok Shorts#jersey nike#jerseyshorts zarablack#jerseyshort

Shorts#next Shorts#cargo nike#cargoshorts zarablack#cargoshorts

Shorts#blue Shorts#jorts nike#jorts zarablack#jorts

Shorts#black Shorts#fleece nike#fleeceshorts zarablack#fleeceshort

Shorts#grey Shorts#gym nike#gymshorts zarablack#gymshorts

Shorts#swimming nike#swimmingshort Shorts#swimming adidas#swimmingshor

Shorts#running nike#runningshorts Shorts#running puma#runningshorts

nike#jerseyshorts nikeblack#jerseyshor adidas#jerseyshorts nikeblack#jerseyshort

nike#cargoshorts nextblack#cargoshor adidas#cargoshorts pumablack#cargoshts

nike#jorts nikeblack#jorts adidas#jorts nikeblack#jorts

nike#fleeceshorts nikeblack#fleeceshor adidas#fleeceshorts nikeblack#fleeceshort

adidasShorts#ru nike#runningshorts adidasShorts#runni puma#runningshorts

next#jerseyshorts nikeblack#jerseyshorts adidas#jerseyshorts pumablack#jerseyshorts

next#cargoshorts nextblack#cargoshors adidas#cargoshorts pumblack#cargoshorts

next#jorts nikeblack#jorts adidas#jorts pumablack#jorts

next#fleeceshorts nikeblack#fleeceshorts adidas#fleeceshorts pumablack#fleeceshorts

next#gymshorts nikeblack#gymshorts adidas#gymshorts pumablack#gymshorts

Table 4. Number of Brands and Product Related SMDs for week 1

Brand # of SMDs Product Type # of SMDs

Zara 12,456 #jerseyshorts 651

Nike 29,435 #cargoshorts 543

Adidas 36,792 #jorts 189

NEXT 71,234 #gymshorts 984

BHS 61,281 #swimmingshorts 429

Puma 23,124 #runningshorts 183
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Table 5. Product type with sentiment analysis score

Product Type Sales Number of 
SMDs

Sentiment 
Analysis Score

Product Type Sales Number of 
SMDs

Sentiment 
Analysis Score

NikeJersey
Shorts

1120 651 0.23 AdidasJersey
Shorts

983 156 0.64

NikeCargo
Shorts

2832 543 0.12 AdidasCargo
Shorts

811 531 0.12

NikeDenim
Shorts

563 189 0.70 AdidasDenim
Shorts

641 145 0.53

NikeFleece
Shorts

212 84 0.34 AdidasFleece
Shorts

1212 821 0.31

NikeGym
Shorts

984 984 0.05 AdidasGym
Shorts

1944 547 0.43

Nike
Swimming
Shorts

1367 429 0.76 Adidas
Swimming
Shorts

937 122 0.53

Table 6. Comparison of forecasted and actual values for Bass Model and proposed Emotion Enhanced Model

Forecasting week 1 2 3 4 5 6

Actualvalue 712.3409 817.6867 921.2260 843.5641 926.7657 923.9208

Forecastedvalue(BassModel) 704.5435 810.4631 927.0904 841.5382 922.7238 918.6123

Forecastedvalue(ProposedModel) 708.6674 816.5294 923.1996 844.2350 926.8046 922.7927

Table 7. Comparison of SVM and NB Methods

Product Brand Algorithm Accuracy

Nike NB 67.21

SVM 69.24

Adidas NB 67.46

SVM 75.12

Puma NB 65.24

SVM 71.81

BHS NB 69.42

SVM 78.10

Next NB 63.41

SVM 63.51

Zara NB 75.87

SVM 75.11
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practicalguidelines,whichcanhelpcompaniesindesigningindustryapplications,usingFacebook,
Twitterandothersocialmediaplatforms,fordiversesupplychainactivities,includingnewproduct
development,stakeholderengagement,supplychainriskmanagement,andmarketsensing.Further
researchisneededintheimplementationof thisframeworkonother industriesandusingcloud-
basedsystems.Moreover,sentimentextractioncouldbeimprovedbyincludingothersocialmedia
platformsincludingYouTube,googletrendsandInstagram.Sentimentanalysiscanbeimplemented
onvideosandpicturespostedinsteadoflimitingitonlytothetext.Thiscouldfurtherimprovethe
resultsasitwilltakeintoconsiderationusersfromotherplatformsaswell,paintingamoreaccurate
pictureofcustomerssentiment.

Table 8. Parameter for bass model

Parameter Results

m 887.0306

p 0.023777

q0 0.090407

qm 0.093113

γ 0.170784

Figure 4. Results of Forecasting Model of Emotion Enhanced Model
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