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ABSTRACT

In thispaper, theauthorsdevelopaparsimoniousmodel thatoffersearlypredictionofpotential
successofamovie.Inordertoachievethis,abroadlookatthedriversofmoviesuccessisrequired.
Supplychainmemberswillbemakingdecisionsregardingmoviepopularitywithregardtolicensing
contracts,forecastingtoypurchases,cross-promotions,etc.atvaryingtimesbeforeamovieisreleased.
Asimpleforecastingapproachusingpubliclyavailabledatacouldimprovesupplychaindecision
making.Priorliteraturesuggestedthatthevirtualmoviestockmarket,HSX,wasagoodpredictor.
Usingasmallsetofvariablesincludingviewcounts,likes,anddislikesdidoffersomepredictive
value.However,HSXproducesaforecastthatdominatespriormodelswhileusingasinglereadily
availablepublicdata.Further,theHSX-basedpredictionshowedconsistencyandconvergenceacross
asignificantbreadthoftime.
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INTROdUCTION

Thesuccessofmoviescontributestothesuccessofmanybusinessessuchastoymanufacturersutilizing
movietie-ins,massmerchandizerssellingDVDs,consumerproductcompaniesutilizingco-branding
andadvertisingtie-ins,etc.Manysupplychaindecisionswouldbenefitfromsomeadditionaldata-
basedknowledgeregardingmoviesuccess.Thesedecisionsoccuroverabroadtimehorizongenerally
before the releaseof themovie.Theacademic literatureoffersmultipleapproaches tomodeling
moviesuccessasdetailedbelow.Themodelsaretypicallycomplex,usingdatadifficulttoobtain.

Thereappearstobeaneedforasimplepredictivemodelaccessibletopurchasingmanagers,
advertisingexecutives,brandmanagersandothersupplychainmanagersnotversedinforecasting
complexities.Theidealmodelswillhavefewvariables,datathatcanbeconvenientlyobtainedatlow
orminimalcost,minimalcomplexity,androbustnesswithrespecttoleadtimebeforerelease.For
examplewebbaseddatathatcanbeaccessedeasilyandimmediatelywouldbeideal.Simpleisbetter.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonOctober1,2020willproceedwithpublicationasanOpenAccessarticle
startingonFebruary2,2021inthegoldOpenAccessjournal,InternationalJournalofOperationsResearchandInformationSystems(con-
vertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense(http://
creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedtheauthorof

theoriginalworkandoriginalpublicationsourceareproperlycredited.
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Supplychainmembersvaryconsiderably.Primarymembersmightincludemovieproduction
companies,distributors andexhibitors.Figure1depicts the rangeofpotential channelmembers
bothprimaryandperipheral.Themodeldevelopedherewouldnotlikelybeofinteresttoprimary
members,as theywoulddomoreextensive,morecomplex,more frequentanalysisofamovie’s
potentialsuccess.Peripheralmemberswouldoftenonlyneedasingleearlypredictor.Forinstancea
purchasingagentformassmerchandiserhastochooseasetofactionfiguresforthetoysection.This
decisionislikelymaderelativelyquicklyastherearemanySKU(StockKeepingUnits)slotstofill.
Additionally,anygivendecisionmayreflectonlyasmalleconomicstakeasaresultofanindividual
movie-relateddecision.Anexamplemightbeachoiceofkid’smealtoybyafastfoodchain.That
choiceisimportantbutisinnowayamake-or-breakdecision.

Themodelingobjectiverequiresidentifyingasetofvariablesthatconsistentlypredictfuture
moviesuccesswhichwillbemeasuredbyUSboxofficerevenue.Anindividualsupplychainmember
cantranslatetheboxofficerevenueintoanestimateoftheirchancesforsuccessbasedontheirown
historyofpriordecisionmakingandrelatedboxofficeresults.Manyofthesedecisionsaremade
repeatedly,suchascross-promotionchoicesmadebycerealmanufacturers.

Manyvariableshavebeenusedinpreviousstudies,howevertheyvarysignificantlywithrespect
totheiravailabilityandtheeaseofaccessforpracticaluse.Manyofthepredictorsofmovierevenue
usedinearlierstudiesincludedvariablesthatarecollectedjustpriortoorafteramovie’srelease.In
additiontovariablesusedinearlierstudies,asearchfornewvariableswasundertaken.

Figure 1. Generic movie supply chain
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Asearchwasconductedfornewandexistingvariableswhichmightprovidefoundationforsuch
aforecastingmodel.Asupplychainmanagercouldlookupmovietrailerviews,trailerlikesand
dislikes.Thesethreevariablesarethenewvariablesnotfoundintheliterature.Anexistingvariable,
HSXvirtualstockprice,appearedtocapturemanyaspectsrelatedtomoviesuccessreflectedinprior
models.HSXisavirtualstockmarketgameinwhichmemberstrademoviestockswiththeprice
basedonmovierevenuesdenominatedinmillionsofdollarsofUSdomesticboxofficerevenue.
MoredetailsonHSXwillbegivenbelow.Thesefourvariablescanbeobtainedfromtwowebsites
atanytimethereforetheyareextremelyaccessible.

There are multiple uses for this prospective model. After a licensing deal is made a toy
manufacturermayneedtoforecastforthefirstmanufacturingrunofamovie-basedtoy.Acheckon
anyjointlydevelopedforecastofsuccessbuiltcollectivelybythesupplychainmayneedareality
check.Anintegratedsupplychaindominatedbythemajorproducercouldresultinbiasedforecasts.
Theremaybemorecaseswhereanindependent,simple,fast,reliableforecastingtechniquewould
aiddecisionmaking.

Thediscussionisorganizedasfollows.Sectiontwogivesabackgroundandliteraturereview.
Sectionthreedetailsthemodeldevelopmentprocess.Sectionfourreviewstheresults.Sectionfive
offersconclusions.

BACKGROUNd

Tobuildaneffectiveandefficientforecastingmodelforthesmallerplayersinthemoviesupplychain
thereareanumberofconsiderations.Theeconomicimportanceofthemoviesupplychainshould
bereviewed.Priormovieperformancepredictivemodelsshouldbeconsidered.Inordertoidentify
newvariables,earlierinputvariablesneedtobeidentifiedandevaluatedfortheirappropriateness
forthecurrentobjective.

Movie Supply Chains
Moviesupplychainsareimportantinjustthelicensingaspectalone.SeeFigure2.Notallofthese
licensingdealsinvolvetwolarge,centralsupplychainmembers.Fortheperipheralmembers,the
dealsmaybesmallerdollarvaluesbutstillverysignificant.

Mostsupplychainresearchonforecastingwithinthechainisfocusedoncollaborativeefforts
betweenmemberswithsignificantvolumebusiness.Examplesofsuchresearch includeAviv,Y.
(2001),McCarthyandGolicic(2002)andHelmsetal.(2000).Supplychainforecastingresearch
hasalsofocusedsignificantlyontheBullwhipeffect.SeeforinstanceChenetal.(1999,2000).In
eachcase,thecollaborativeaspectsareemphasized.Mostbusiness-to-businessinteractionsdonot,
however,involvesignificantcollaboration,particularlywithrespecttoperipheralmembers(Cooperet
al.1997).Thereappearstobevalueintakingasupplychainviewofforecastinginthemovieindustry.
Movieforecastinghasasignificantliteraturethatdoesnotspecificallyaddresssupplychainissues.

Movie Revenue Forecasting Literature
Movierevenueforecastinghasbeenexaminedbyanumberofresearchers.Themodelsusemany
approachesandawiderangeofvariables.Theapproachesandthevariablechoicesaresummarized
inTable1andmeasuresoffitandthetimingoftheavailabilityofthevariablesarecoveredinTable
2.Forourobjectives,thevariablesshouldbeavailableearly.

The approaches include regression analysis, a dynamic artificial neural network, a machine
learning analysis and others. These models vary significantly in their complexity and potential
managerialacceptance.Thenewermethodsandmorecomplexmethodswouldlikelyhavetoovercome
somemanagerialscepticism.Notallofthestudieswerefocusedonpredictiveaccuracy.Pennock
etal(2001)focusedonlyonevaluatingtheput-callparityofHSXanddidnotuseothervariables.
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Similarly,Elberse(2007)evaluatedtheimpactofstarpoweronmovierevenuesusinganeventstudy
whereeventsareconsideredsuchascastingannouncements.

ThetwomainissuesinTable1arethequalityoffitandhowearlythemodelcanberun.Model
fitmeasurescannotbedirectlycomparedacrossmodeltypes.LookingatR2valuesindicatesthe
modelsvarysignificantlyintermsofpercentofvarianceexplained.NotethatSimonoffandSparrow
(2000)achievedanR2of0.968byincludingthefirstweek’sgrossrevenue.Typically,movie-related
supplychainagreementsarecompletedwellbeforetheendofthefirstweekofthemovie’srelease.

Table2offersasummaryof theappropriatenessof thepriormodels for thepurposeof the
proposedforecastingmodel.Eachmodelhassomechallengesregardingoursearchforasimpleand
accessibleapproachavailabletoperipheralsupplychainmembers.Modelshavevaryingdegreesof
problemswithsimplicity,dataavailability,timing,orpotentialmanagerialacceptance.

Theabove research synthesized inTable3have furthered theunderstandingofwhatdrives
eventualmovierevenues.Byusingamultiplicityofapproachesandvarioussetsofvariablesthe
modelspresentedintheresearchabovegivesamorecompletepicture.Noneofthesecitedarticles
claimedtooffersmallersupplychainmembersasimpleandaccessibleforecastingtoolthatcould
bereliedonacrossaspectrumoftime.Theylackdocumentedrobustnesswithrespecttoleadtime
beforeamovie’srelease.

Managerial Timeline
Varioussupplychainmemberswillhavedifferenttimelinesfortheirmovie-relateddecisions.Anideal
modelwillworkforavarietyofleadtimesbeforeamovie’srelease.Aproductplacementdecision
mustbemadeveryearlywhileasmall,nimbletoymanufacturermaybeabletowaitsignificantly

Figure 2. US Domestic Licensing; 2010 to 2018; includes all taxable employer firms (US Census Bureau, 2019)
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Table 1. Movie revenue forecasting/prediction models

Author(s) Model Dependent 
Variable

Included Variables

Movie 
Rating Genre Screen 

Count
Star 

Value Seasonality Sequel Production 
Budget Other

Ghiassietal
(2015)

Dynamic
artificial
neutral
network

Box-office
revenue ✓ ✓ ✓ ✓ ✓ ✓ ✓

Competition,
runtime,
pre-release
advertising
expenditures,
specialeffects,
etc.

Huretal
(2016)

Machine
learning
algorithms
withISM

Box-office
revenue ✓ ✓ ✓

Machine
learning
withviewer
sentiment
score,etc.

Simonoff
&Sparrow
(2000)

Regression
Ultimate
Gross
revenue

✓ ✓ ✓ ✓ ✓ ✓ ✓

Firstweek
grossrevenue,
motion
pictureaward
nominations&
wins

Marshalletal
(2013)

New
product
diffusion
models

Movie
attendance ✓ ✓ ✓ ✓ ✓ ✓ Advertising

spending

Local
newspaper,
competition,
reviews,etc.

Foutzand
Jank(2010)

Functional
Shape
analysis
model

Opening
weekend
revenue

✓ ✓ ✓ ✓ ✓ ✓ HSXFriday
closingprice

Huangetal
(2015) Loglinear

Cont.comp.
ROI(profit
oflow-
budgetvs.
big-budget
films)

✓ ✓ ✓ ✓ ✓

DVDad
spending,

pre-release
adspending

Positivecritics
review,positive
consumer
review,major/
mini-major
studio

Spann&
Skiera(2003)

Regression/
Forecasting
accuracy

Movie
revenue ✓ ✓

HSXFriday
closing
price,Box
OfficeMojo
predictions

Karniouchina
(2011a,
2011b)

Log-log Movie
revenue ✓ ✓ ✓ ✓ ✓ ✓ ✓

Wordof
mouth,
prediction,
HSXclosing
price

McKenzie
(2013) Log-log Movie

revenue ✓ ✓ ✓ ✓ ✓ ✓ ✓
HSXprices
beforeopening
weekend

Pennocketal
(2001)

Boxoffice
forecast
accuracy

Four-week
movie
revenue

HSXFriday
prices,Box
OfficeMojo’s
revenue
prediction

Elberse
(2007)

Constant-
Mean-
Return
model

Movie
theatrical
revenue

✓

HSXFriday
closingprices
afteracast
announcement,
StarBond
market
information
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longerforalicensingagreement.Anidealmodelwillincludeassurancethattheprocesscanbeused
bothearlyaswellasofferflexibletimingofuse.

MOdeL deVeLOPMeNT

Inordertomeetourgoalsfortheresearch,threehypotheseswillbetested.Twodifferentdatasetsare
employed.Beyondthethreetestablehypothesestherearetwoadditionalresearchquestionswhich
cannotbespecificallytestedthroughstatistics.Thesequestionswillfollowthehypothesestestsbelow.

Table 2. Model fit and timing

Author(S) Model Dependent 
Variable How Early? Model Fit/R2 Relevant Key 

Findings Country

Ghiassietal
(2015)

Dynamic
artificial
neutral
network

Box-office
revenue

Pre-production
model N/A

DAN2model
improves
forecasting
movierevenue

USA

Huretal(2016)
Machine
learning
algorithms

Box-office
revenue

Notspecified
(N/A) N/A viewer

sentimentscore
South
Korea

Simonoff&
Sparrow(2000) Regression

Loggross
revenueafter
thefirstweek

Postrelease .446~.968 Firstweekgross
revenue

Mainly
focuson
USA

Marshalletal
(2013)

Newproduct
diffusion
models

Movie
attendance

3weeksof
data 0.161~0.280

Bass,Sawheny
&Eliashberg
model
parameters

Chile

FoutzandJank
(2010)

Functional
Shapeanalysis
model

Opening
weekend
revenue

Mostrecent54
tradingweeks
data

MAPE
(5.28–19)

HSX(Virtual
StockMarket
price)

USA

Huangetal
(2015) Loglinear LogROI Postrelease 0.554-0.820

DVDad
spending,
pre-release
adspending,
Ratings

USA

Spann&Skiera
(2003)

Regression/
Forecasting
accuracy

Movierevenue Fridaybefore
opening

.859-.861
MAPE
(36.48–
40.62)

HSX
prediction,Box
OfficeMojo
predictions

USA

Karniouchina
(2011)

Log-log
regression Movierevenue Fridaybefore

opening .86-.87
HSXpredicted
Marketprice,
movie/starbuzz

USA

McKenzie
(2013)

Log-log
regression

Openingbox-
officerevenue

Fridaybefore
opening

.893-.895
MAPE
(.273-.299)

HSXpredicted
Marketprice USA

Pennocketal
(2001)

Boxoffice
forecast
accuracy

Four-week
movierevenue

3.57MSE,
31.5%MPE

Friday
morning’sprice
ofHSX

USA

Elberse(2007)
Constant-
Mean-Return
model

Movie
theatrical
revenue

N/A
Eventstudy

HSXstock
prices,
StarBond
marketinfo

USA
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New Variables
Oneofthegoalsoftheresearchistofindnewvariablesthatmightworkwellforoursupplychain
forecastingapproach.Trailerscommunicateinformationrelatedtomultiplevariablesasdepictedin
Table1.Forinstance,themoviegenreisobvious,actualstarvalueshouldbeclearlyvisible,and
therelationshipwithpriormoviesinaseries(sequel)canbeevaluatedbytheviewer.Avariable
thatcapturesmultiplepriorproveninfluencersonmovierevenuecouldhelpsimplifyaforecasting
model.Internetuseoftrailersisclearlyapopularvenuegiventhattrailersgetuptomillionsofviews.
WhiletrailersarealsoviewedintheatersortelevisionspotsonlyInternetviewsmeetourobjectives
ofsimplicityandaccessibilityforsupplychainmembers.Inasimilarvein,likesanddislikescapture
thesocialmediaaspectofmovierevenueforecasting.Huretal.(2016)demonstratedthatforecasting
accuracycanbeenhancedusingreviewsentimentswhichoftenincludepositive,neutral,andnegative
opinions.Dingetal.(2017)usedFacebooklikestounderstandtheimpactofsocialmediaonbox
office.The authors revisited theSocial ImpactTheory (Latane andNida, 1980) and considered
Facebook“likes”asthefirstofthethreesocialforces:number,immediacyandstrength.Webelieve
YouTube“views”,“likes”,and“dislikes”aresimilartosocialmediasentimentsandFacebook“likes”

Table 3. Managerial accessibility

Author(S) Model Note on Appropriateness of Current Objective: Simple and Publically 
Available Forecasting Model

Ghiassietal
(2015)

Dynamic
artificialneutral
network

Notsimple,notearly,notmanageriallyintuitive

Huretal(2016)

Machine
learning
algorithmswith
ISM

Notsimple(reviewsentimentsanalysis,non-linearmachinelearningalgorithms,
classificationandregressiontree,supportvectorregression,etc.),notearly,not
manageriallyintuitive

Simonoff&
Sparrow(2000) Regression Forbetterpredictionthemodelincludespostreleaserevenues,clearlynotearly

Marshalletal
(2013)

Newproduct
diffusion
models

Availableaftermovierelease(Bass/Sawheny&Eliashbergmodelparameters),
clearlynotearly

FoutzandJank
(2010)

Functional
Shapeanalysis
model

Notapredictivemodel,notsimple,notearly,notmanageriallyintuitive

Huangetal
(2015) Loglinear Availableaftermovierelease,clearlynotearly

Spann&Skiera
(2003)

Forecasting
accuracy

Simple,publicallyavailable,early,free,butlacksmanagerialintuitions,flexible
timingfordecisionmakingnotaddressed

Karniouchina
(2011) Log-log Availableaftermovierelease,clearlynotearly

McKenzie
(2013) Log-log Availableafteropeningweekend,clearlynotearly

Pennocketal
(2001)

Boxoffice
forecast
accuracy

Notapredictivemodel

Elberse(2007)
Constant-
Mean-Return
model

Notapredictivemodel(eventstudy)
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andtheycanbeconsideredaseasytoreachadditionalsocialmetricswhichmayhelpsupplychain
membersmakebetterdecisions.

Inrelationtousingthesenewvariablesthefollowinghypothesisisproposed:

Hypothesis 1:Views,likesanddislikescanpredictmoviesuccess.

Totestourhypothesis,wewroteasmallscriptinGoogleSheetswhichmadeautomatedvisitsto
apopularYouTubechannelnamedMovieclipsTrailersthatdeliversthelatesttrailersforupcoming
movies.Thechannelhasmorethantenmillionsubscribers.Weobservedthatthechannelpoststhe
trailersonthesamedayofofficialtrailerrelease.Thescriptcollectedthenumberofviews,likes,
anddislikeson120movietrailerspostedonthischanneleverydayforaboutayear.Weobservethe
shapesofmovietrailercumulativeviewgrowthacrossmanymoviesanddeterminedthatatwo-week
windowgavesufficientinformationforourpurposes.Thiswasdonebyvisualobservationofgrowth
curves.Assomemovieshavemultipletrailers,wechosetoincludeonlythefirstofficialtrailerfor
eachmovie.ThesamplecollectionstartedonOct27,2016andendedaroundthesametimethe
followingyear.Asmallnumberoftrailersmayhavebeenmissedduetoserverrelateddifficulties
duringthedatascrapingprocess.Theresultingsamplesizewas71.

RevenuedataiscollectedprimarilyfromBoxOfficeMojo<www.boxofficemojo.com>and
whennecessarysupplementedbyTheNumbers<www.the-numbers.com>.Bothofthesewebsites
trackdomesticboxofficereceipts.Theanalysiswaslimitedtodomesticrevenues.

Asourobjectiveisearlypredictionofmoviesuccess,welookedatthecumulativeviews,likes,
anddislikesofthesemoviestwoweeksaftertheirfirsttrailersreleasedateandseeifthesenumbers
haveanyrelationshipwiththemovierevenueswithintwoweeksorsixweeksofmovierelease.The
descriptivestatisticsofthevariablesareinTable4andthecorrelationmatrixis inTable5.The
descriptivestatistics indicate thatall thevariablesweconsideredhaverightskeweddistributions
indicating the presence of a small number of movies that drive the mean value of views, likes,
dislikes,andrevenuesup.

Table 4. Descriptive statistics

Two-Week 
Views

Two-Week 
Likes

Two-Week 
Dislikes

Two-Week 
Revenue

Six-Week 
Revenue

Mean 1,405,068 18,641 1,003 $52,951,738 $73,086,883

St.Dev 2,054,786 24,725 2,026 $74,997,096 $102,323,21

Median 784,399 8,163 478 $28,537,985 $37,623,226

Min 15,452 47 7 $49,982 $96,722

Max 13,477,412 118,698 14,984 $375,378,70 $520,200,08

Table 5. Correlation Matrix

Two-Week 
Views

Two-Week 
Likes

Two-Week 
Dislikes

Two-Week 
Revenue

Six-Week 
Revenue

Two-weekviews 1 0.963102 0.803564 0.379148 0.415052

Two-weeklikes 1 0.752073 0.471373 0.51244

Two-weekdislikes 1 0.316911 0.319985

Two-weekrevenue 1 0.962281
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Thecorrelationmatrixindicatesapresenceofmulti-collinearityasaresultofastrongpositive
relationshipamongtheviews,likes,anddislikes.Thisissuewillnotaffectthepredictivepower
ofamodelthatusesamixofthesevariablesbutwewillnotbeabletodrawanyconclusion
fromtheobjectivecoefficients.Further,thestrongcorrelationbetweenthetwo-weekrevenue
andsix-weekrevenueconfirmsthattheearningswithintwo-weekswillbeindicativeaboutthe
movie’seventualsuccess.

WeusedanumberofdifferentordinaryleastsquaresmodelspresentedinTable6totestour
hypothesis.Allvariablesexcludingthebinaryonesarelogscaledtoaddresstheissueofskewness.
TheHSXvalue is scaled inmillionsofdollarsand the revenuevaluesare similarly scaled.The
followingnotationisused:

• REVij:Cumulativemovierevenuejweeksaftermoviei’sreleasedate.
• VIEWSit:Cumulativenumberoftrailerviewstweeksafterthetrailerreleasedateofmoviei.
• LIKESit:Cumulativenumberoflikestweeksafterthetrailerreleasedateofmoviei.
• DLIKESit:Cumulativenumberofdislikestweeksafterthetrailerreleasedateofmoviei.
• Ri:DummyvariableequaltooneiftheMPAA(TheMotionPictureAssociationofAmerica)

ratingofmovieiisR,zerootherwise.
• ACTi:Dummyvariableequaltooneifthegenreofmovieiincludesaction,zerootherwise.

Theresultscontainingthecoefficientsandthesignificanceofthevariablesusedineachmodel
alongwiththecoefficientofdeterminationvaluesareprovidedinTable7.Thefirstthreemodels
lookattherelationshipbetweenthecumulativemovierevenueoverasixweeksperiodandtrailer

Table 6. Ordinary least square regression models

Model1 LOGREVi6=β0+β1LOGV IEWSi2+εi

Model2 LOGREVi6=β0+β1LOGLIKESi2+εi

Model3 LOGREVi6=β0+β1LOGDLIKESi2+εi

Model4 LOGREVi6=β0+β1LOGV IEWSi2+β2LOGLIKESi2+β3LOGDLIKESi2+εi

Model5 LOGREVi6=β0+β1LOGV IEWSi2+β2LOGLIKESi2+β3Ri+β4ACTi+εi

Table 7. Coefficients and significance results

Model 1 Model 2 Model 3 Model 4 Model 5

Intercept 7.953** 10.441*** 13.397*** 21.257*** -3.515

LOGVIEWSi2 0.664*** -1.841** -1.906**

LOGLIKESi2 0.712*** 2.188*** 1.991***

LOGDLIKESi2 0.568** 0.106

Ri -1.229**

ACTi 1.437**

(Adj.)R-Square 0.171 0.263 0.104 0.319 0.426

. Significance at the 10% level,
* Significance at the 5% level,
** Significance at the 1% level,
*** Significance at the 0.1% level.
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views,trailerlikes,andtrailerdislikestwoweeksafterthetrailerisreleased.Theresultsshowthat
althoughthevariablesaresignificantthustheysupportHypothesis1,theR-squarevaluesshowalow
levelofexplainedvariabilitywhichimpliesalackofpredictiveability.Themostsignificantvariable
isLOGLIKESi2,whichisfollowedbyLOGVIEWSi2.

Model4usesallthreevariablesatthesametimebutbecauseofthehighlevelofmulti-
collinearitypresentinthemodel,thecoefficientsbecameunstable.Nonetheless,theadjusted
R-squarevalue is improved. InModel5weeliminatedLOGDLIKESi2 fromthemodelas it
wasnotsignificantandincorporatedalltheothervariablesincludingtheMPAAratingand
genrewhich are the control variables.Themodel reaches thehighest adjustedR2valueof
42.6%but losessomedegreesoffreedom.Thesamplesize isstill largeenoughtohavean
accuratepredictivemodelasitwassuggestedinHarrell(2001)thatminimumof10samples
pervariableisneededinanordinaryleastsquareregressionmodel.Theresultsshowthatearly
predictionofmovierevenuesusingmovietrailerdataispossiblebutthepowerofprediction
isnotasdesired.

Giventhatourfindingsforthesevariablesdonotlookaspromisingtopredicteventualmovie
revenue,additionalinvestigationisrequired.ByaddingthevaluesderivedfromtheHSXvirtualstock
marketgametotheabovevariableshowmuchcanbegained?

Adding HSX
ThreeofthepriorstudiesreferencedinTable1includedHSXhowevernoneofthemusedHSX
exclusivelyorwiththeabovevariables.Elberse(2007)andElberseandAnand(2007)examined
theeffectofeventsandadvertisingonHSX,butdidnothave thecurrent focusonsupplychain
forecasting.Ourgoalsincludeeaseofaccessibilityandearlyaccessibility.Amodelthatincludesthe
abovevariablesandHSXshouldbetested.Hypothesis2follows:

Hypothesis 2:HSXalongwithviews,likesanddislikescanpredictmoviesuccess.

OurdatacollectionusingGoogleSheetsthatwedescribedearlierincludedautomatedvisitsto
theHSXwebsiteandwecollectedthedailystockpricesof120moviesoveraperiodofoneyear.
Butbecauseoftheeliminationoffollowuptrailersfromourdatasetthatwediscussedbefore,the
combineddatasetincludingtheYouTubedataandHSXdataendeduphavingthesamesamplesize
of71.WeusedtheHSXstockvaluesofmoviestwoweeksafterthefirst trailerrelease(HSXi2)
similartotheprocesswehavedonefortheviews,likes,anddislikes.Thenewmodelincorporating
theHSXvariableisasfollows:

Model6:REVi6=β0+β1VIEWSi2+β2LIKESi2+β3HSXi2+β4Ri+β5ACTi+εi

TheregressionresultsshowthatHypothesis2 isstronglysupportedwithan84.5%adjusted
R-squarevalue.However, theHSX is theonlyvariable that is significantand isdominating the
predictiveabilityofthemodel.

HSX Alone
TheaboveempiricalresultmaybeanindicationthatHSXisabsorbingtheinformationexplainedby
alltheothervariablesandcomingoutasasolepredictorwhichhasmorepredictivepowerthanall
theothersocialmediarelatedvariablesthatweused.Hypothesis3capturesthisidea.

Hypothesis 3:HSXalonecanpredictmoviesuccess.
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Thehypothesisistestedwiththefollowingmodel:

Model7:REVi6=β0+β1HSXi2+εi

Even though themodeleliminated fourexplanatoryvariables, itdidnot loseanyprediction
power.ThemodelhasanR-squareof83.6%andreturnsasignificantestimateforHSXatthe0.1%
level.Theestimatedregressionequationis:

REVi6=−10.054+1.068HSXi2

TofurthervalidatetheuseofHSXasasolepredictor,wecollecteddailyHSXvaluesof150
recentmoviesfromtheHSXwebsiteforoverayear.Similartotheprocesswehaveemployedfor
theearlierdataset,wematchedthesix-weekrevenuedatafromboxofficemojo.comwiththeseHSX
values.Forthesakeofcompleteness,formoviesthatdidnotrunthefullsix-weekperiodweused
thedelistpriceofHSXwhichrepresentsfour-weekrevenue.

TheresultsfromthelargerdatasetconfirmedthesignificanceofHSXbutwithaslightlylower
R-squarevalueof78.1%whenusingtheHSXvaluetwoweeksafter thetrailersreleasedates to
predictsix-weekrevenue.

Inconclusion,HSXaloneappearstobeabetterpredictorwhenaccountingforsimplicityand
accessibilityasourgoalisasimpleandaccessiblepredictorthereforetestingthemaximallysimple
approachwasattractive.HSXhasalargeadvantageinthatthevalueatclosingistherevenuestated
asonedollarforeachmilliondollarsofrevenueanditshouldbeinstructivetotestHSXpredictive
valuealone.TheHSXstockvalueschangeinreal-timewhenplayersarecompetingagainsteachother
tobetterpredictthatvalueatanypointintimepriortorelease.Thisleavestwoimportantquestions
forusingHSXasapredictor.

Model Choice
Whichoftheabovemodelsworksbest?Thepercentvarianceexplainedthoroughlydominatedby
HSXasapredictor.Thesupplychainmanagementrelatedgoalsattheoutsetoftheresearchwould
allpointtochoosingasimpleregressionmodelusingonlyHSX.HSXvalueisavailableearlyand
ispubliclyavailable.Inaddition, itcanbeuseddirectlyasanestimateoffuturemovierevenues
denominatedinmillions.

Howearlyandhowwelldoesthefinalmodelwork?Supplychainpartnerswillwanttoknow
howgoodapredictionwouldbeiftheysimplychoosetolookattheHSXvalueatthepointoftime
whentheyneedtomakeadecisionconcerninganupcomingmoviessuccess.Inordertohelpthem
haveconfidenceinHSXasasinglepredictorfurtheranalysisisrequired.

Predictive dynamics
WetestedHypothesis3usingatimeframematchingouranalysisofHypothesis1andHypothesis2.
Thisisasinglepointintime,twoweeksaftertheinitialtrailerisreleased,whichistypicallymonths
ahead of the release date. However, supply chain members may need to use this information at
variouspointsoftimepriortoamoviesrelease.Bylookingatthequalityofpredictionatanygiven
daypriortoamoviesrelease,acomparativemeasureofqualityoffitcanbeobserved.Therefore,
anexaminationofthedegreeofimprovementinpredictivepowerastimeprogressesisworthwhile.

Tothisendfor365days,foreachday150movieHSXvalueswereregressedagainsttheirsix
weekstotalrevenuevalue.Thus365regressionswereusedasinputtoagraphofR-squarevalues
showinghowtheyconvergeastimeprogresses.Multipletimingsofrevenueswereexaminedincluding
two,four,andsixweeksasadependentvariable.Allyieldedverysimilarresultsasallthreestrongly
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correlatewitheachother.Sixweekrevenueispreferredasitwouldcaptureagoodmeasureofboth
widereleaseandlimitedreleasemovies.SeeFigure3.

Figure3indicatesthatthepredictivevalueisquitestrongfromahundreddayspriortorelease.
TheR-squarevaluesareindicatingaconvergencebetweenthepredictionandtheactualrevenue.This
isapurelysubjectiveobservation.Nostatisticalmethodwasfoundthatteststherateofconvergence
oftheR-squarevalues.TheR-squaressubjectivelyatabout100daysbeforereleasecomparevery
favorablytomostmeasuresoffitdescribedinTable2.Theestimatespriorto100daysarelikelyto
representaverygoodandearlyestimatethatasupplychainmanagercouldobtainwithreasonable
effortandresources.Weusedthereleasedateastheendofouranalysissincewebelievesupplychain
memberstypicallymakemovie-relateddecisionswellpriortorelease.

Ananimatedmovie,Ferdinand,ischosentoillustratesupplychainmanagersuseofHSXasa
predictorofamovie’ssuccess.ThetimeseriesofHSXvaluesforthismovieisillustratedinFigure
4.Ferdinand’sfirsttrailerisreleasedonMarch28,2017asateasertrailerandthefirstofficialtrailer
isreleasedonJune14,2017.Notethejumpsonthesetwodaysinthefigure.Thesevisuallyobserved
structuralchangesmaybetheHSXplayers’responsetothetrailersandresultintheabsorptionof
trailerrelatedinformationtoHSXvalues.ThemovieisreleasedonDec15,2017andthetwo-week
revenuewas$50.79(million).Themoviewasdelistedatthepriceof$70.45(4-weekrevenue)andsix
weekrevenuereachedat$80.61(million).Thefinaldomesticboxofficerevenueis$84.41(million).
Asupplychainmanagerwouldhaveareasonableestimateofthemovie’ssuccessatmultiplepoints
intimeandastimeprogress,theestimategenerallyimproved.

Twoweeksafterthefirstfulltrailerisreleased,theHSXvalueforFerdinandwas78.Thatmeans
fromtheperspectiveofatoymanufacturer,attwoweeksafteritsfirsttrailersrelease,theywould
projectafinalboxofficerevenueof78milliondollarsiftheyuseHSXasadirectmeasuretopredict
themoviessuccess.Whenthemanagerialcostofadditionalcomplexityoverwhelmstheeconomic
valueofslightlybetterprediction,theyshouldjustuseHSX.However,astatisticallybetterestimation
maybepossibleusingModel7.TheactualuseofModel7wouldrequiresophisticatedstatistical
analysisspecifictothetimeframeoftheirdecision.

Figure 3. The change in R-square over time
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Understandingthisbalancebetweenthecomplexitiesinherentinourstatisticalanalysisandthe
costofrisksovertimeforusingadirectsimpleapproachoffersarichopportunityforfutureresearch.

CONCLUSION

Thissectionisorganizedasfollows:overallconclusions,limitations,andfutureresearch.

Overall Conclusion
The proposed new variables are of limited value and are dominated by HSX. Note the quick
incorporationof trailerrelated information; trailerquality, trailerpopularityandotherembedded
informationintotheHSXvaluesassuggestedbythediscontinuitiesintheabovegraph.Karniouchina
(2011a)hasmadethecasethatvirtualmarketsareefficientinincorporatingdemandinformation.
Theoperationalcomplexityofusingtrailer-relatedvariablesdoesnotappeartobejustified.

WefoundHSXaloneoffersextremelyparsimoniousandeffectivepredictorofmovierevenue
potential.Specifically,howitisusedisanopenquestion.BecauseHSXisdesignedinsuchaway
thatstockvalueatanypointintimerepresentstheplayerscollectivebeliefsconcerningthefinal
revenuedenominatedinmillionsofdollars,thestockvaluemaybeuseddirectly.Alternatively,the
HSXvaluecanbetransformedintoasomewhatbetterestimatethroughtheuseofModel7above.
Theaddedvaluethatthemodeluserepresentsisquestionable.Additionalresearchisindicated.

UptothreemonthspriortoreleasethepredictivepowerofHSXalonemodeliscompetitive
withthemuchmorecomplicatedmodelsinTable2.Inaddition,allofthepriormodelsshowedsome
problemsforsupplychainuse.Ourgoalsforsimplicity,parsimonyandearlyavailabilityofpublicly
availabledataarebestmetthroughtheuseofthesimplestofmodels.

Limitations
Thisstudyisfordomesticsupplychaindecision-making.Internationalorspecificcountrydecisions
willhavetouseHSXwithagreatdealofcaution.WorldwiderevenueestimationusingHSXoffers
apotentialforsignificanterrors.Therearemanycausesforthissuchas:differentculturalacceptance

Figure 4. The change in HSX Values for Ferdinand over time
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rates, the quality of translation or dubbing, governmental acceptance of movie distribution, etc.
Cross-culturalacceptanceofmoviesvariessignificantlyacrosscountryboundaries(Craigetal.2005).

Inaddition,therearedata-basedlimitationsincludingsamplesize,thesettlingoftherevenues
overtime,digitalshiftinviewinghabits,omittedvariables,revenueaccuracy(occasionallymultiple
sourcesformovierevenuevary),amongothers.

Many supply chain decisions will not justify major investments in complex data collection
andmathematicalmodeling.However,primarymembersofthesupplychainmakingadecisionor
peripheralmembersmakingadecisionwithpotentialfordisastrousresultsshouldlikelyusemore
complexandexpensiveapproachtoforecasting.Supplychainmanagersshouldbewarnedthatany
competitiveeffectwillnotbeincorporatedintoHSXvaluesuntilthemoviereleaseschedulesfor
majorstudiosarefinalized.

The movie industry is in a period of transition. Streaming-only movies may become more
significant.Streamingsuccessmaybecomeabiggerpartofasupplychainmanagers’decision.For
instance,atoymanufacturerthinkingaboutanactionfiguremustconsidertheeffectofstreaming
viewingondemandthatisnotincludedintheHSXvalues.Childrenoftenwanttowatchamovie
overandoverwhichmaychangethedemandformovie-relatedtoys.

Future Research
Figure3depictsanincreasingpercentofvarianceexplainedovertime.Therelationshipbetweenthe
aggregateimprovementoftheR-squareandtheindividualmoviepredictionsbasedonindividual
HSXvaluescanbefurtherexamined.Understandingmoreaboutthedynamicsandthereliabilityof
thisrelationshipmayprovideadditionalinsights.Ameansofcomparisonacrosspredictorswould
enhancesupplychainconfidenceintheirdecisionmaking.Theinfluenceofexternalitiesmaylead
todiscontinuitiesasillustratedinFigure4.Eventstudiesormathematicalmodelingofdynamicsof
discontinuitiescouldofferavaluablecontributionfortheliterature.Inthecurrentcase,atrailerrelease
orakeypieceofentertainmentnewsappearstobeincorporatedquicklyintotheHSXvaluebased
ontheexample.Withalargersample,ananalysisofdiscontinuitiesmayconfirmtheirimportance,
clarifytheirinfluence,andpotentiallypredicttheirconsequences.

Final Conclusion
Thesimplelinearmodelwassupportedandcouldbeemployedwithconsiderationforthederived
coefficients.Thepredictionofamovie’srevenueinvolvesadding6.8%tothevalueofHSXand
subtracting$10.05totheestimateofearningsinmillionsifamanagerdecidestousetheHSXvalue
attwoweeksafterthefirsttrailer’sreleasedate.Ifthismanagerneedstomakeasignificantbutnot
criticaldecisionrelatedtoamovie’ssuccessatanygiventime,theHSXvalueitselflikelyoffersa
goodestimatewithoutadjustment.Addingcomplexitytothepredictionprocessmaynotbejustified.
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