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ABSTRACT

Investorstypicallybuildportfoliosforretirement.Investmentportfoliosaretypicallybasedonfour
assetclassesthatarecommonlymanagedbylargeinvestmentfirms.Theresearchpresentedinthis
articleinvolvesthedevelopmentofanartificialneuralnetwork-basedmethodologythatinvestorscan
usetosupportdecisionsrelatedtodetermininghowassetsareallocatedwithinaninvestmentportfolio.
Themachinelearning-basedmethodologywasappliedduringatimeperiodthatincludedthestock
marketcrashof2008.Eventhoughthistimeperiodwashighlyvolatile,themethodologyproduced
desirableresults.Methodologiessuchastheonepresentedinthisarticleshouldbeconsideredby
investorsbecausetheyhaveproducedpromisingresults,especiallywithinunstablemarkets.
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INTROdUCTION

Atypicalinvestmentportfoliocontainsfourmainassetclasses.ThefourmainassetclassesareU.S.
stocks,bonds,internationalstocks,andhedgepositions.Eachoftheseassetclasseshasmultiplestock
indices.Asuccessfulinvestmentportfolioisdeterminedbythetotalreturnoninvestmentoverthe
courseoftheportfolio.Thestrategyofcreatinginvestmentportfolioswillvarydependingonseveral
factors.Likewise,theevaluationofthesuccessofaportfoliocanalsovarybyclient.Forexample,a
conservativeclientmightbesatisfiedwitha5%returnoninvestment,whileanaggressiveinvestor
mightnotbesatisfiedwitha7%returnoninvestment.Theportfolioisaninvestmentintheowner’s
future;therefore,thereturnoveralongtimeperiodisabetterdeterminationoftheportfolio’ssuccess.
Thetimeperiodthatisoftenusedtoevaluatetheperformanceofaportfolioisfiveyears.
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Thediversificationofaportfolioisanimportantpartofdecidingwhetheraportfolioisperforming
well.Althoughmanystrategiesexist,ingeneral,portfoliosthataremorediverseareconsideredmore
resilienttochangesinthemarketandtherefore,theyaremoredesired.Anotherdeterminationof
thesuccessofaportfolioisitsvariance.Aswasexplainedearlier,thiswillchangedependingonthe
owneroftheportfolio.Investorsrangefrombeingrisk-aversetothosewhoseekriskwhenitcomes
totheirpreferredinvestmentstrategy.Ifthevarianceinaportfolioishigh,theriskishigh,which
meansthatthereisanincreasedprobabilitythatthereturnoninvestmentwillbeminimalorproduces
aloss.Theamountofriskoftendependsontheageoftheportfolio’sowner.Giventheriskassociated
withthistypeofportfolio,itisoftendifficulttosatisfytheownerofaninvestment.Forexample,if
theownerhasalow-risktolerance,theclientmightnotbesatisfiedwiththeconstructionofahighly
volatileportfolioevenitisproducingapositivereturn.Someinvestorsaresimplynotsatisfiedwith
thedrasticchangesintheportfolio’sperformanceovershortperiodsoftimeeveniftheintentisto
buildalong-termpositivegain.Forthesetypesofclients,aportfoliothatshowsalowerpositiverate
ofreturnwithalowervariancemightbeabetterfitfortheclient’srisktoleranceandage.Although
mostfinancialadvisorswoulddisagreewitharisk-aversestrategyandrecommendamorerisk-seeking
strategy,ultimately,thefinaldecisionresideswiththeowneroftheportfolio.

Thetraditionalapproachallocatesassetsforadiversifiedinvestmentportfolioconsistsofarisk-
tolerancequestionnaire,alifestageassessment,aportfolio-objective-guidance-matrix,andfinally,
allocationjudgmentsmadebyafinancialadvisorwiththeclients’approval.Thesequestionshelp
theclientandadvisordecidethebestpathfortheclientwhilekeepingtheriskatanacceptablelevel.
Itwillhelptheadvisordetermineiftheclientiswillingtoacceptahigherorlowerrisk/volatilityof
returnsoftheirinvestment.Thebiggestlimitationofthetraditionalapproachisthatstockindicesare
difficulttopredict,duetovolatilebehaviorandverycomplexinteractionofmultiplevariables.The
stockmarketisacomplexsystemandhasnon-linearbehaviormakingitexceedinglydifficulttopredict.

Thisresearchpresentedinthisarticlehasmultipleobjectives:first,toshowthatartificialneural
networks (ANNs) are capable of predicting real-world occurrences, and secondly, to provide a
decisionsupportaidthatfinancialadvisorscanconsultwhendetermininghowassetsareallowed
whenconstructingaclient’sinvestmentportfolio.Manyfinancialfirmscurrentlydonotusemachine
learning-basedsystemsbecausetheyconsiderthemarkettobeunpredictableduetoitshighvolatility.
Theresearchpresentedinthisarticlewilldemonstratethatinvestorsshouldconsiderdecisionsupport
systemsbuiltuponmachinelearningtechniquesbecausetheyarecapableofproducinghighratesof
returnsevenduringtimeswhenthemarketishighlyvolatile.

LITeRATURe ReVIew

Thegoalofcreatingadiversifiedportfolioistoperformwellinbullandbearmarkets.Abullmarket
isoneinwhichpricesareexpectedtorise,whileinabearmarket,pricesareexpectedtodeclineat
arateof20%ormore(EncyclopediaBritannica,2015).Amarketdeclineof10-20%isconsidereda
“correction”andinvestorshavedifferentstrategiesduringtheseperiodsoftime.Inbullmarkets,it
iscommonforinvestorstopurchasesecuritiesandcommoditiesinthehopethattheycanselltheir
investmentsforaprofitinthefuture.Inabearmarket,ontheotherhand,theinvestorcommonly
sellstheirinvestmentsinthehopethattheycanbuythembacklateratalowerprice.Inbothmarkets,
therearealwaysexamplesofclientslookingtomakequickprofits,butdiversificationhasprovento
bethemostconsistentstrategythatisusedbyfinancialadvisors.

Technical trading and risk tolerance can take on multiple definitions, depending upon the
source.Risktolerancewillvaryfrompersontopersonandisanimportantmeasurewhentiedtoan
investmentportfolio.Aninvestmentportfoliocomprisesaclient’sinvestmentsandisacrucialpartof
theirfuture.Investmentsaremoneyinvestedbytheclient,andtherefore,quicklybecomeimportant.
Bigswingsorshiftsintheportfolio’svaluecanbehardforclientstoaccept;therefore,ameasureof
risk/varianceisanimportantmeasureforafirmtoconsiderfortheirclients.
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Manydifferentfirmshaveusedriskmeasurementstrategies.NikoCannerin1997examined
howinvestors’attitudestowardriskshouldinfluencethecompositionoftheirportfolios.Hisresearch
offeredasimpleanswertothequestionbyusingthemutual-fundseparationtheorem,whichstates
thatallinvestorsshouldholdthesamecompositionofriskyassets(Canner,Mankiw,&Weil,1997).
Mostfinancialadvisorsrecommendthatthemoreconservativeinvestor’sportfolioshouldconsistof
ahigherratioofbonds-to-stocks,whileaportfolioofamoreaggressiveinvestorshouldconsistofa
lowerratioofbonds-to-stocks.

Advisorsaretryingtohelptheirclientsoptimizetheirportfolios,buttheiradviceoftencontradicts
economictheoryandisveryhardtoexplainbetweenfirmsandadvisors.Withthatsaid,morenon-
traditionalmethodsarebeingdevelopedandexploredwithinthefinancialsectorinanefforttohelpboth
clientsandadvisors.Althoughtherearemanybrokeragefirmsthatmaintaintraditionalapproaches,
someareutilizingnewertechnologiesandpredictivemethods.CharlesSchwabisabrokerageand
bankingcompanythatoperatesinfourmaindivisions:investing,wealthmanagement,banking,and
trading(CharlesSchwab,2015).ThecompanyisbasedoutofSanFrancisco,California,andhasbeen
inbusinesssince1971.CharlesSchwabCorporationaddedanautomatedinvestmentportfolioservice
in2015.Theirtechnologyaimstodiversifytheclient’sportfolioacrossmanydifferentassetclasses
whileexpertsmonitortheperformanceoftheirclients’portfolios.Theirtechnologyalsorebalances
portfoliossothattheyremainbalancedanddiversifiedappropriatelyinregardtotheclient’sprofile.

Artificialneuralnetworks(ANNs)areprimarilyusedonlyinacademiabecauseoftheirabilityto
modelcomplexnonlinearsystems,butsomearebeginningtousethemforsolvingmoreproblemsin
industry(Young&Weckman,2009).AsYoung(2009)states,theyarenotcommonlyusedinindustry
becausetheyarehardtoimplement,usuallynotunderstoodverywell,andhaveareputationofbeing
“black-box”models.Althoughtherearefewmathematicalmodels thatexist thatcanoutperform
ANNs,mostindustrieshavebeenreluctanttoacceptthemforsolvingpracticalproblemsinbusiness
(Young&Weckman,2009).

ANNsarenonlinearmodelsconsistingofvariouscombinationsofsimplelinearandnonlinear
functions that are similar to biological neural networks in the human brain. The integration of
mathematicalfunctionsenablesthesetypesofmodelstomimictheabilityofahumanbraininorder
tosolvesolvingdifficult,non-linearproblems.ANNsaretrainedwithhistoricdatathatisprocessed
throughvariouslearningalgorithmswithinthenetworkstructure.Tomany,ANNsareconsidered
“universalapproximators” (NeuralNetworks,1989) thatcan learnanypatternhiddenwithin the
databeinganalyzedaslongasthesamplesizeofdataisratherlargeandthestructureoftheANNis
reflectingthecomplexityofthedatabeingmodeled.Oneofthemoresignificantadvantagesofusing
ANNsisthattheydonotrequireformalassumptionsaboutdatabeingmodeled,whichisunlikemore
traditionalmodelsderivedfromprobabilityandstatistics(Skapura,1996).

ThepredictivequalityandusabilityofANNsdependonthequalityofdatabeingusedtotrain
themodel.Aswithanybusinessapplication,ifthequalityofinformationishigh,thequalityof
theresultsproducedbyanANNwillalsobehigher.Inotherwords,havingsubjectdomainexperts
helptodecidewhatinformationisusedtodevelopanANNisalwayspreferred.ANNshavea
uniqueabilitytoovercomethelimitationsofnoisydata(Burney,1997).Asnoted,itisalways
preferredtohavesubjectmatterexpertshelpdeterminewhatdataisbeingusedtotrainthemodel,
however;itisnotanabsoluterequirementalthoughsomecautionpractitionersthatunwanted
biascanbeintroducedifamodeldoesnotconsiderbestpracticeswithinpredictiveanalytics
(Weckman,etal.,2016).ThetimerequiredtoprocessanANNusetobeaconcern.However,
inrecent times, thetimetodevelopaprocessisnotamajorlimitationof theirdevelopment.
ANNshavealmostalwayshadtheabilitytomodelcomplexsystemsandinmorerecenttimes,
theyarecapableofproducinghighlyaccurateresultswithalargedataset,whichiswhyANNs
arebecomingmorepopularforreal-worldbusinessapplications.

Fromamathematicalperspective,therearemanywaysthatsynapsescanoccurinsideanANN.
Synapsesaresimplytheabilitytoconnectinputstoneurons,neuronstootherneurons,andneuronsto
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theoutputlayerofanANN.Neuronsactaslinearornon-lineartransferfunctionsthatenableANNs
tomodelcomplexdata.ThemostcommonANNtopologyisthemulti-layeredperceptron(MLP)
model.TheMLPisconsideredfeed-forwardnetworksthatareusuallytrainedwithbackpropagation
algorithms.ThearchitectureofatypicalMLPisshowninFigure1.ThisANNincludestwohidden

layers,40neurons(i.e.processingelements)inthefirsthiddenlayer,20neuronsinthesecondhidden
layer,andoneoutputneuroninthelastlayer.Itshouldbenotedthatinthisparticularnetwork,the
firsttwohiddenlayersutilizeahyperbolictangentfunction(i.e.Tanh)neuronwhiletheoutputneuron
utilizesalineartransferfunction.

ANNsalmostalwaysoutperformtraditional linearandevenothernon-linearmethods.They
produce excellent results for pattern recognition problems through deep learning and preform
particularlywellwithnoisydata.ANNstypicallyperformbetterthanlinearmethodsintermsof
predictingandclassifyingdatabecausesystemsgenerallybehaveinnon-linearways.Principestated
thattheyprovideexcellentresultsforproblemsacrossmanydifferentfieldsandcategories(Principe,
Euliano,&Lefebvre,1999).Forthesereasons,Qian(2007)suggestedthatANNsare“idealforstock
marketprediction.”

ANNsandothermachinelearningtechniquesarenotnewwhenitcomestobeingusedtopredict
stockmarketoutcomes.Researchershaveusedthemtopredictturnsinindividualstocksandbonds
foranumberofyears.OnesuchexampleistheworkofChiang(1996),whohasusedANNmethods
toforecasttheend-of-yearnetassetvalue(NAV)ofmutualfunds.ThemethodusesANNsandshows
thattheysignificantlyoutperformregressionmodelsinsituationswheredataislimitedduetoits
availability.TheirANNconsistsofoneinputlayerof15inputsandonehiddenlayerof20neurons,
withtheoutputbeingtheNAVofamutualfundattheyear’send.Themethodutilizedatotalof101
datasetsandusedstepwiseregressioninSAStochoosethemostsignificantvariablesforeachmodel.
Thedatasetstrainedonarangefrom1981to1985andweretestedontheactualdatafrom1986.The
ANNperformed40%betterthanthelinearregressionmodels(Chiang,1996).

VaislacomparedlinearregressiontoanANNandfoundthattheregressionmodelssignificantly
underperformedwithrespecttotheANNsthatweredeveloped(Vaisla,2010).Akinwale,Arogundade,
andAdekoya(2009)alsocomparedregressionanalysistothepredictiveabilityofanANNwhen
predictingNigeriastockmarketpricesandmadesimilarconclusions.

ManyarticlesandconferencepapershavebeenwrittenaboutANNsbeingusedtopredictportions
ofthestockmarket.Themajorityofarticlesfoundinliteratureattempttopredictthemovementof

Figure 1. MLP ANN (Akinwale et al., 2009)
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indices,whicharecomposedofmanyindividualstocks.Althoughthishasbeenapopularuseof
ANNs,thereareothermethodsthattakeabroaderapproachtoutilizingANNstopredictindividual
stockprices.Weckmanetal.(2008)usedanANNmodeltopredictindividualstockprices.Inaddition,
Lakshminarayanan(2005)andHui(2000)alsousedANNstodothesame.

Thedataforthisprojectwasarelativelysmalldataset,whichmeansthatadditionaleffortwas
performedtobetterunderstandandimprovethepredictionperformanceofthemodel.Datasetswith
alimitedsamplesizeisacommonchallengewhendevelopingtimeseriesmodels.Thisoftenpresents
asignificantchallengetocreateusefulmodelsforthisparticularproblemdomain.Thisisespecially
trueforANNsbecausetheytypicallyrequireasubstantialamountofdatato“learn”thedataproperly.
Simplyput,ANNsnormallyrequirealargeamountofdatainordertodiscovertheunderlyingpatterns
ofthedatathatmapinputstothedesiredoutputthroughthemachinelearningparadigmsthatare
usedduringthetrainingprocess.However,methodshavebeenestablishedinordertoovercomethis
limitation.Forexample,Chawla(2002)developedapopularmethodcalledthesyntheticminority
over-samplingtechnique(SMOTE).SMOTEwasdesignedinawaythatcombinedtheuseofrandom
under-samplingofthemajorityclasswiththeuseofrandomover-samplingoftheminorityclass
(Chawla,2002).Thismethodoversamplestheminorityclassbycreatingsyntheticdataexamplesalong
withtheoriginaldata,ratherthanoversamplingthatminorityclasswithreplacement(Suvarna,2013).

SMOTEisamethodthatgeneratessyntheticdataexamplesfromtheoriginaldatainorderto
improvepredictiveaccuraciesinminorityclasses.SMOTEcommonlyyieldsthebestresultswhenit
comestore-samplingandcancreatealargerdatasetsothatanANNcanlearnpatternswithindatasets
thatarelimited.SMOTEintroducessyntheticdataalongwithlinesegmentsbyjoiningclassestoits
nearestneighbor(Chawla,2002).TheSMOTEtechniqueessentiallycreatesanewclasssampleby
interpolatingbetweenseveralclassexamplesthatareclosetooneanother.Itdoesthisina“feature
space”ratherthana“dataspace.”Dependingontheamountofsyntheticdataneeded,neighborsfrom
theknearestneighborsarerandomlychosen.Determiningthewayinwhichthenearestneighborsare
selectedisconsideredalimitationofSMOTE.However,Chawlastatedthatfocusingonthenearest
neighborexamplesthatwereclassifiedincorrectlycouldpotentiallyimprovetheSMOTEmethod
andoverallperformanceofthetechnique(Chawla,2002).

MeTHOdOLOGy

data Collection
Data isneeded to trainANNs inorder topredict thedifferentassetclasses’performancesand
trends.Thedatathatwasusedinthecreationofthedatasetusedforthisresearchconsistedof
economicdatathatwasusedtopredictthepercentvariationofeachofthefourmainassetclasses
forcommonlyusedwithininvestmentportfolios.Thisdataincludesfactorsthataffecttheeconomy,
suchastheunemploymentrate,grossdomesticproduct(GDP),thepoliticalpartyinthehouse,
senate,andtheresident, just tonameafew.Atypicalexampleofoneof theindices thatwere
examinedinthismethodologyisthelarge-capgrowthindexandthepercentreturnfortheyears
1995to2009.Itiseasytoseethattheindexvariessignificantly;duringthemarketcrashof2008,
thepercentreturnwas-38.44%.

Thedataassociatedwiththefinancialmarketseemstobeeverywhere,butthedatathatactually
affectshowthemarketactsaremoredifficulttoobtain.Theperformanceofhowwelleachindexis
performingisreportedthroughtheday,butmainstreamnewsoutletsoftenfailtoreporthowwell
theperformanceofeachofthefourassetclasses(i.e.U.S.stocks,internationalstocks,hedges,and
bonds)performthroughoutthedayorevenonadailybasis.Thus,onechallengethatthisresearch
facedwasaggregatingthedataofthesefourassetclassestogethersothatitcouldbeusedtobuilda
predictivemodel.Inordertoovercomethisobstacle,MorningstarPrincipiasoftwarewasusedinorder
toretrievethedesireddataforthefourassetclasses.MorningstarPrincipiahasbeenatrustedresource
forfinancialprofessionalsformorethan15years(MorningstarPrincipia,2015)andthesoftware
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providedhistoricalmonth-to-monthperformancedataforeachofthefourdifferentassetclassesand
theirhistoricindices.Table1liststhemajorclassesandindicesusedwithinthepresentedresearch.

Thepremiseofthisresearchistoprovideanaccurateforecastofanassetclassperformancesothat
financialadvisorscanusethisinformationinordertoconstructaninvestmentportfoliowithhigher

ratesofreturnoninvestmentfortheirclients.Forthisresearch,theoutputoftheANNwasthepercent
returnonagiveninvestment.Thus,theoutputwasnumerical,andthevarianceofthisprediction
canhelpdetermineifthemodelproducedreliableforecasts.Thisisbecauseonedeterminationofa
goodinvestmentportfolioislowvolatility.Theinputstothemodelincludedbotheconomicfactors
andpoliticalparties.Fromadatapre-processingstandpoint,thehistoricdatawasaggregatedtothe
pointwhereitwouldhavebeenknownwhenaforecastwouldneedtobemade.Asummaryofthe
inputsusedintheANNdevelopedforthisresearchislistedbelow:

• PoliticalParty
• EffectiveFederalFundsRate(%)
• CorporateProfitsAfterTax($B)
• ConsumerPriceIndex-UrbanWageEarnersandClericalWorkers
• IndustrialProductionIndex2007=100
• ConsumerSentimentIndex1966=100
• UnemploymentRate(%)
• CivilianUnemploymentRate
• ConsumerPriceIndexforAllUrbanConsumers:AllItems
• CrudeOilPrices:WestTexasIntermediate(WTI)-Cushing,Oklahoma
• GrossFederalDebt
• HousingStarts:Total:NewPrivatelyOwnedHousingUnitsStarted
• ISMManufacturing:PMICompositeIndex
• M2MoneyStock
• 30-YearConventionalMortgageRate
• ProducerPriceIndex:AllCommodities
• RealRetailandFoodServicesSales
• TotalConstructionSpending
• TotalVehicleSales

Table 1. Asset classes and indices

Bonds Hedges International Stocks U.S. 
Stocks

CorporateShortTerm Cash EmergingMarkets LargeCapGrowth

GovernmentShortTerm Commodities Growth LargeCapValue

GovernmentIntermediate PreciousMetals Value MidCapGrowth

GovernmentLongTerm RealEstate MidCapValue

HighYieldCorporate SmallCapGrowth

International SmallCapValue

MunicipalIntermediate

MunicipalLongTerm

MunicipalShortTerm
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• TradeBalance:GoodsandServices,BalanceofPaymentsBasis
• UniversityofMichigan:ConsumerSentiment
• RealGrossDomesticProduct
• S&P/Case-ShillerU.S.NationalHomePriceIndex
• GrossDomesticProduct
• NewPrivately-OwnedHousingUnitsStarted
• InitialClaims
• TradeWeightedU.S.DollarIndex:Broad

ThedatafoundwithintheMorningstarPrincipiasoftwarewasquiteextensive,however;attimes,
thedatawasincomplete.Inotherwords,missingdatawaspresentwithinthedatacollectedfromthe
software.SincecompletedrecordswereneededfortheANN,additionalresourcesthatarecommonly
availablefromsimpleInternetsearcheswereusedinordertocompleteeachandeveryrecordwhere
missingdatawaspresentduringthe1995to2009timeperiodusedinthisinvestigation.Whenthe
missingdatacouldnotbefoundfromsimpleInternetsearches,theFederalReserveBankofSt.Louis’
EconomicResearchsite(2014)wasutilizedtocompletedatarecords.Ultimately,theinformation
collectedonline,throughtheMorningstarPrincipiasoftware,andthedatafromtheFederalReserve
BankofSt.Louis’EconomicResearchweremergedtogetherintoasingledatasetthatwaslaterused
todevelopandvalidatetheANNpresentedinthefollowingsections.

Forecast Time Period
Withanypredictivemodel,moredataisgenerallypreferred,butunfortunately,only20yearsofdata
wereconsideredcompletefromthetwoprimaryresourcesthatwereusedtoconstructthedatasets
forthisresearch.

Fromthe20yearsofdata,forecastsutilizedbothathree-monthandsix-monthmovingaverage
foreachinputattribute.Movingaveragesarea“successionofaveragesofdatafromatimeseries,
whereeachaverageiscalculatedbysuccessivelyshiftingtheintervalbythesameperiodoftime”
(Dictionary,2015).Inadditiontothemovingaverages,thedatawasalsolaggedinordertopredicta
three-month(i.e.,onequarter)window.Forexample,thedatawastrainedsothattheDecember1991
outputwasusedtopredictMarchof1992,thentheJanuary1992outputwasusedforApril1992,and
soon.Thesemovingaverageswerethenaddedtothedatabaseinordertopredicttheperformance
ofthedifferentassetallocations.

Thefirstattemptinthisresearchwastopredictonlytheaverageofthefourassetclasses.ANNs
werecreatedanddevelopedforeachofthefourassetclassesandthenexaminedbasedupontheir
predictiveperformances.AnexampleofthevariationofvaluesforU.S.StocksisshowninFigure2.
Thefigureisprovidedtosimplyhighlightthecomplexityofthedatabeingmodeled.Thedatashows
someveryminor,yetinconsistentseasonalitytrendswithshiftingvariationsthroughthetimeseries.

Sincethevariationofeachasset’saveragevalueswasratherlarge,themodelsgeneratedforthis
datawerepoor.Afterthisexperimentwasperformed,thepredictionofathree-monthmovingaverage
oftheoutputwasexamined.Thethree-monthmovingaveragewasthencalculatedandaddedasanew
columninthedataset.TheANNswerecomparedtopredictthethree-monthmovingaverage.The
variationofthethree-monthmovingaveragesfortheU.S.StocksisshowninFigure3.Incomparison
totheindividualaveragesfoundforeachassetclass,thethree-monthmovingaveragereducedthe
overallvariation,whichresultsinamoreaccuratemodeltobecreated.

Eventhoughthethree-monthmovingaverageproducedresultsthatoutperformedtheoverall
average,themodificationdidnotleadtoastatisticallysignificantchangeinpredictiveperformance
measures.Figure4showsanexampleofthesix-monthmovingaveragefortheU.S.Stockclass.In
comparisontothepriorattempts, thesix-monthmovingaverageshowedlessvariation,whichin
return,allowedforamoreaccuratemodeloftheperformanceofanassettobecreated.
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Thetime-seriesshowninFigure4demonstratesfarlesserraticbehaviorduetounexplainable
variationswithinthedatathantheprevioustime-seriesthatwereanalyzed.Thus,afteranalyzingthe
capabilitiesofanANN’sabilitytomodeltheperformanceofeachassetclass,itwasdecidedthat
thesix-monthmovingaveragelaggedoutputwouldbeusedfortheremainderofthemethodology.
Itshouldbenotedthatfinancialexpertswereconsultedwiththedevelopmentofthismodel.The
expertsthatwereconsultedfavoredthesix-monthtimehorizongiventheimprovedqualityofthe

Figure 2. U.S. stock monthly variation in value

Figure 3. U.S. stock 3-month moving average variation in value
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forecast.Inaddition,theydidnotreactnegativelythatthetimehorizonofpredictionwaslongerthan
three-monthssincelong-termportfolioperformancewastheirprimaryfocus.

determining SMOTe and Time Series Forecast
From theaggregateddata, abaselinemodelwascreated.Other than thepre-processing thathas
beendiscussedpreviously,noothermodificationsweremadetotheaggregateddata.Thisdatawas
partitionedintoatraining,cross-validation,andtestingdatasets.Thetrainingdatasetcontained178
records,whichleft36recordsforcross-validationand12recordsforindependenttesting.Again,this
limitedsample-sizepresentsachallengeforANNstolearnfromthedataitispresentedwithinthe
trainingdata.Forexample,anANNwasdevelopedforBondsandtheresultsofthetrainingsession
areshowninFigure5.Thefigureforthetrainingsessiondoesnotshowthedesiredcharacteristics.
Forexample,theperformanceforboththetrainingandcross-validationdatadonotslowlyimprove
overepochs.ThelowestaverageMSEoccursoverjustafewepochs,whichoftenisanindicationthat
thedataiscomplex,orthearchitectureoftheANNisnotadequate.However,aftertryingvarious
MLP ANN structures, the accuracy did not improve, which indicates additional pre-processing
techniquesshouldbeconsidered.

Figure 4. U.S. stock 6-month moving average variation in value

Figure 5. Bonds training and cross-validation results
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Figure 6 presents additional evidence of the poor fits that were obtained from the baseline
ANNmodelthatwasconstructedfromtheaggregateddataset.Itisimportanttomentionthatthe
goalofdevelopingapredictivemodelistoproduceamodelthatgeneralizesthedatawell.Inorder
toinvestigatewhethertheANNmodelgeneralizedthedatawell,theaccuracyofthetestingdata

wasexplored.Eachfigurebelowshowstwoseparatewaystohighlighttheunexplainedvariationof
themodelintermsofmodelingtheactualdatapointswithinthetestingdata.Toinvestigatethis,a
45-degreeplotwascreated,anditisshownasthesecondfigurebelow.Thegraphcanbeinterpretedin
thefollowingmanner.Ifamodelwasperfectlyaccurate,theactualvalueswouldfallalonga45-degree
line.Visuallyitisclearthatthetrendfitandthelocationofthefitarebothpoor.Furthermore,the
R-valueforthetestingsetwasfoundtobe0.0087,whichisextremelypoor.

ThepoorresultsshowninFigure6wasnotasurprisegiventheevidenceshowninFigure5.
However,tobethroughwiththeanalysis,thequalityoffitwasexaminedforboththetrainingand
cross-validationdatasets.The45-degreeplotsforthetrainingandcross-validationdatasetsareshown
below inFigure7.These figures showa lotofvariation,which is tobeexpectedwithcomplex
datasets.Thevariationinthetrainingandcross-validationdatahelpstoexplainwhythepredictive
performanceswerepoorforthetestingdatafoundinFigure6.Simplyput,ifamodelcannotproducea
satisfactoryqualityoffitmetricsfortrainingandevenmoreso,cross-validation,thenthetestingdata
willnotperformwellinpractice.Thus,additionalmethodstopre-processthedatawerenecessary
inordertocreateausefulpredictivemodel.

Thedatasetthatwasoriginalcompiledforthisresearchdidnotproducereliableandusefulresults
asdemonstratedinthepreviousfiguresandparagraphs.Asnoted,thesamplesizeofthisdatasetwas
notlarge,andthequalityoffitwasdirectlyimpactedbythelimitedsamplesize.Inordertoincrease
thenumberofrecords,whichwasassumedtoimprovethequalityoffitforthemodel,amethodcalled
SMOTEwasusedtogeneratesyntheticdatasamplesbasedontheoriginaldata(Chawla,2002).Itis
importanttomakethedistinctionthatSMOTEwasappliedtotheoriginaldatasetinordertoincrease
thenumberofrecordsavailablefortrainingandcross-validationbutwasnotusedtogenerateartificial
samplesfortesting.Aftercreatingadditionalsyntheticdatasamples,thesizeofthedatasetgrewto
890records,whichwouldlaterbeusedtocreatenewdatapartitionsforboththetrainingandcross-

Figure 6. Bonds test results and model versus actual bond variation from test data
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validation.Theimpactofapplyingthispre-processingmethodisshowninFigure8.Thisfigureis
muchmoredesirablethanthetrainingsessionthatdidnotusesyntheticdatapoints.Thelearning
curveissmooth,anditrequiresseveralthousanditerationstoarriveatasteady-state.Forexample,
theANNcontinuedtoimproveinitspredictiveperformanceuntilthe9,460thepoch,versustheearlier

methodwithnosyntheticdata,whicharrivedatasteady-statepointinonly19epochs,whichisnot
desirablegiventhecomplexityofthedatabeinginvestigated.

BasedontheincreasedsamplesizeformulatedbyapplyingtheSMOTEmethod,Figure9shows
45-degreeplotsforthenewtrainingandcross-validationdatasets.Thefiguresshowa“tight”fitfor

Figure 7. Model versus actual bond variation from training data cross-validation data

Figure 8. Bonds training and cross-validation results (synthetic data)
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boththetrainingandcross-validationdatasets,whichisadesirablecharacteristicandimpliesthe
modelshouldproduceaccuratefitstothetestingdata.

ThesyntheticdatacreatedbytheSMOTEtechniqueproducedresultsthatwereverypromising.
ThoughtheresultslookedpromisingafterSMOTEwasutilized,muchmoretimeandexperimentation
arenecessaryinordertodevelopthebestperformingANNmodel.Therefore,thefollowingsection
willdocumenttheprocessofcreatingthefinalANNmodelthatwasusedtoaidintheprocessof
allocatingassetswithinaninvestmentportfolio.

Final ANN Model Creation Based on SMOTe
VariousANNmodelsweredevelopedusingmanydifferenttypesofarchitectures,learningalgorithms,
trainingpercentages,cross-validationpercentages,testingpercentages,transferfunctions,andhidden
layers.Multiplemodelsweredevelopedforeachofthefourassetclassesinordertofindthebest
performingmodelforeachassetclass.Figure10showsasummaryoftheprocessflowutilizedto
createandfindthe“best”ANN.Itshowsthreephases,pre-processing,training,andtesting(Young,
Holland,&Weckman,2008).Utilizingthekeycharacteristicsandtheflowchart,theANNswere
initializedandtrainedinordertomakeafinaldecisiononwhichANNwouldbeusedtodetermine
aportfolio’sallocationofassets.

Asnoted,anANNmodelwasdevelopedforeachofthefourassetclassesinordertopredict
theperformanceofeach.UsingthedatasetcreatedbyapplyingtheSMOTEmethodology,multiple
ANNswere trainedandevaluatedbasedupon thesix-monthmovingaverage,whichwouldgive
ampletimeforinvestorstomakedecisionsfortheirlong-terminvestmentperformancegoals.As
previouslydescribed,theANNmodelsvariedinarchitectures,randomization,learningalgorithms,
cross-validationandtestingpercentages,andhiddenlayers.

Examplearchitecturesthatwerevariedforeachclassincludegeneralizedfeed-forward(GFF)
networks,typicalmulti-layeredperceptron(MLP)networks,andmodularnetworks.AlloftheANNs
thatweredevelopedweretestedusingdifferent learningalgorithms,whichincludedmomentum,
deltabardelta,andconjugategradientdescentalgorithms.Thedifferentarchitecturesalsoutilized
different transferfunctions,suchasTanh,sigmoid, linearTanh,andlinearsigmoid.Thenumber
ofhiddenlayerswasalsochangedforeachofthedifferentcombinationsofarchitectures,learning
algorithms,andtransferfunctions.Thenumberofhiddenlayersrangedfromonehiddenlayertothree

Figure 9. 45 degree plot of training data (synthetic) and cross-validation (synthetic)



International Journal of Operations Research and Information Systems
Volume 11 • Issue 3 • July-September 2020

78

hiddenlayersforeachofthedifferentcombinations.ThesearchtofindthebestperformingANN
foreachassetwasquiteextensiveandlaborious.Anexampleofthetop-fourperformingmodelsfor
U.S.StocksissummarizedinTable2.Determiningthetop-performingmodelwasdeterminedfrom
modelsproducingthehighestR2values.

Training,cross-validation,andtestingpercentageswereexaminedduringthecreationof the
ANN’sforecastingprocess.ANNswerecreatedusingNeurosolutions6.5.Figure11showsthatthe
model’soutputcomparedtotheactualvaluesforthedesiredoutput.Thefiguressuggestthatthe
estimatesarefittingcloselytotheactualdatapointsduetothe“tightness”ofthe45-degreeplot.For

Figure 10. Procedural flow for ANN creation

Table 2. Four best performing models

Model # Architecture # of 
Layers

# of Processing 
Elements by Layer

Activation Function by 
Layer

Learning 
Algorithm

1 Multilayer
Perceptron 3 100,75,50

HyperbolicTangent,
HyperbolicTangent,
Linear

Momentum

2 Multilayer
Perceptron 3 100,75,50

Sigmoid,
Sigmoid,
Linear

Momentum

3 Multilayer
Perceptron 3 30,20,10

HyperbolicTangent,
HyperbolicTangent,
Linear

Levenberg-
Marquardt

4 Multilayer
Perceptron 3 30,20,10

Sigmoid,
Sigmoid,
Linear

Levenberg-
Marquardt
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example,ifalinearregressionlinewasfittedtothecross-validationdataappearingbelow,itwould
resultinanR2valueof0.947,whichisincrediblyhigh.

Thoughthemodelseemedtofitthetrainingandcross-validationwell,itisnotatrue,unbiased
evaluationofthemodel’sabilitytogeneralizethedatawellbecauseoftheinfluenceofapplying
theSMOTEtechniquetothetrainingandcross-validationdata.However,inordertoevaluatethe
generalizabilityofthemodel,thetestingdata,whichhasnotbeenmodified,canbeassessedinan
unbiasedmanner.TheresultsofthetestingdataareshowninFigure12.Figure12describesthe
outputofthefirstforecastedvalueswhichisanevaluationofa12-monthtimehorizonthatstarted
onJanuary1stin2007.Tocaptureadditionalinsight,aslightlydifferenttimehorizonisshownin
Figure13.Inthisfigure,theresultsofapplyingthebestperformingANNmodeltoU.S.Stocksover
a12-monthtimeperiodthatstartedonApril1stin2007.Followingthisinvestigation,thelastthree
monthsoftheevaluationperiodwereforecasted.Theperformanceofthefinalthreemonthsofthis
studyresultedinanR-valueof0.752.

ReSULTS

ThissectionpresentstheresultsfortheANNmodelsthatweredevelopedforthefourassetclasses
(i.e.Bonds,HedgeFunds,InternationalStocks,andU.S.Stocks)describedthroughoutthisarticle.
Beforethediscussionoftheresultsbegins,itisimportanttoremindreadersthattheU.S.stockmarket
experiencedacrashin2008.Therefore,thistimeperiodisofparticularinterestandthetimeperiods
beforethecrash(BtC)andafterthecrash(AtC)willbediscussedthroughoutthissection.

TheresultsfortheBondassetclassaresummarizedinFigure14.Theoverallperformanceof
thisassetclassresultedinanR2of0.231,whichdoesnotimplythatthegoodness-of-fitisstrong.
However,anargumentcouldbemadethatthemodelisfollowingtheactualvariationobservedwithin
thedatawellandwouldstillhaveprovidedusefulinformationintheprocessofplanninginvestment
portfolios.Asnoted,theU.S.stockmarketcrashedin2008.Afterthistimeperiod,thevalueofR2
increasedslightlyto0.297,whichisabouta6%improvementAtCin2008.Perhapsonecouldargue

Figure 11. Model versus actual training and cross-validation
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Figure 12. Test results

Figure 13. Desired output and actual network output
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thatthisisnotasubstantialorstatisticallysignificantimprovement,butitdoesatleastsuggestthatthe
ANNperformedasequallywellBtCasitdidAtC.Thus,theANNsabilitytomodeltheperformance
ofBondswasconsistentandrobusttohighvolatility.

The resultsof theHedgeclassare summarized inFigure15.Themodel’spredictiveability
wassimilartotheBondassetclass.TheoverallperformanceofthemodelproducedanR2valueof

0.249.ThisR2valueshowsthattheANNonlyunderstoodapproximately25%ofthevariationfor
theassetclass’sperformance.WithrespecttoBtCandAtC,theANNmodelseemedtoberesilient
tothehighlyfluctuatingmarket.Likewise,thevalueofR2actuallyimprovedslightlyAtCwhenthe
marketwasmorestable.

Theperformanceof theInternationalStockclass issummarizedinFigure16.For thisasset
class,theANNwasabletoproduceanR2valueof0.651,whichisadrasticimprovementoverthe
performanceobtainedfortheBondandHedgeassetclasses.Unlikethepreviousassetclassesthat
havebeendescribed,theANNfortheInternationalStockclassdidnotimproveAtC.Infact,the
performanceAtCdecreasedinvalueto0.431.However,giventhetimeframeinwhichdecisions
aremadetoallocateassetswithinaninvestmentportfolio,theANNisstillabletoprovideuseful
informationbecausetheANNisabletomodelthechangeintrendwithinthetime-series.

TheperformanceofthebestperformingANNfortheU.S.StockassetclassisshowninFigure
17.Forthisassetclass,themodelproducedanR2valueof0.446,whichisnearlythesamevaluefor
theANNmodelforInternationalU.S.StocksAtC.Thus,approximately45%ofthevariationinthe
U.S.StockclasswasexplainedbytheANNmodel.

AlongwiththeperformanceoftheANNmodelregardingeachoftheassetclasses,themodel’s
abilitytomodelthetrendofthedatawasalsoinvestigated.Fromanadviser’sperspective,itisextremely

Figure 15. Final hedge performance

Figure 14. Final bond performance
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importanttoknowiftheperformanceofacertainassetclassistrendingdown(TD)ortrendingup
(TU)inordertomakedecisionsonhowaninvestmentportfolioisallocated.Inotherwords,financial
advisersneedtoknowtheanticipatedchangeoftrajectoryofanygivenassetclasstomakeinformed
decisionsofhowaninvestmentportfolioshouldbeconstructed.Quarterlyaverageswerecalculated
basedupontheactualobservedvaluesoverthelastthreemonthsofagiventimeperiod.Thesevalues
werecomparedagainstthelastsix-monthaverageinordertoestablishwhethertheperformanceofan
assetclasswasactuallyTUorTD.Thus,bycomparingtheactualvalueswiththeforecastedvalues
foragivenANN,theaccuracyofthetrendcouldbedetermined.Anexampleoftheinformationthat
couldbeanalyzedbyfinancialadvisersfortheU.S.StocksassetclassisshowninTable3.

Inordertodeterminehowwellthetrendsweremodeledbytheproposedmethodology,theconcept
showninTable3wasappliedforallassetclassesfrom1/1/2007through6/1/20011.Theresultsof
thisstudyareshowninTable4.Bycomparingtheactualtrendtrajectorieswiththeforecastedtrend
trajectories, themethodologyproducedanoverallaccuracybetween64.7%to70.6%forthefour
typesofassetclasses.

Figure 16. Final international stock performance

Figure 17. Final U.S. stock performance
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dISCUSSION

Thisresearchmethodologywasexplainedapproximately25%ofthevariationseenintheHedge
assetclass.Themethodologydidnotperformaswellasanticipatedforthisparticularassetclass.
Thereasonwhythemodelsforthehedgeassetclassdidnotperformtoahighdegreeofaccuracyis
potentiallyduetothefactthatcrashwillcertainlyperformdifferentlyfromrealestateandgoldin
variousmarkets.Afterfurtherdiscussionwiththefinancialadvisors,onesuggestionforfuturework
wastoimprovethehedgepredictionaccuracybysplittingoutthehedgeassetclassandusingANN
modelstocompileanoverallhedgeassetclassprediction.

TheANNmodelsalsodidnotperformaswellasonewouldhavewantedfortheBondasset
class.Atfirst,thiswasaconcernbecausebondstypicallydonotfluctuateasmuchasstocks.Itwas
assumedthatthepredictionandunderstandingofthevariancewouldbemuchhigherintermsof
itsaccuracy.Unfortunately,themodelswereonlycapableofunderstandingapproximately23%of
thevariationwithinthatassetclass.Afterthecrashof2008,themodelimproved.Themodelhad
virtuallynounderstandingbeforethecrashbasedupontheinputsthatwereprovided,whileafterthe
crashitwasabletoexplain29%ofthevariationforthatassetclass.However,whenadvisorswere
consultedabouttheseresults,theywereconcernedwiththislevelofaccuracy.Theysuggestedthat
thepredictionforafixedincomebondwaslessdesirablewithrespecttotheotherassetclassesthat
wereinvestigated.

Machinelearningmethods,liketheonespresentedinthisresearch,areslowlybeingadopted
by financial firms. However, they have not been in practice long enough in order to determine
how successful they will be in designing portfolios in the future. However, it does suggest that

Table 4. Trend prediction accuracy for each asset class

Bonds Hedge Intl Stocks US Stocks

Total 64.7% 64.7% 70.6% 64.7%

Table 3. U.S. stock trend prediction

Date Actual 
6MA

Actual 
Quarterly 
Average

Actual Trend ANN 
6MA

ANN 
Quarterly 
Average

ANN 
Trend

1/1/2007 2.388 1.743

2/1/2007 1.820 1.808

3/1/2007 1.707 1.972 1.079 1.543

4/1/2007 1.522 2.224

5/1/2007 1.696 1.978

6/1/2007 1.289 1.502 D 2.052 2.085 U

7/1/2007 0.133 1.898

8/1/2007 0.468 2.303

9/1/2007 0.788 0.463 D 2.320 2.174 U

10/1/2007 0.575 1.192

11/1/2007 -0.969 0.732

12/1/2007 -0.721 -0.372 D 0.782 0.902 D
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methodologies,suchastheonepresentedinthisarticleshouldbeatleastconsideredwhenfuture
methodsareexplored.

FUTURe ReSeARCH

Althoughthisresearchwasconsideredasuccess,therearestillareasthatcouldbeconsideredfor
futureresearchinordertoimprovetheperformanceandusabilityofthemethodology.Thissection
describesafewareasthatshouldbeconsideredbyothersasaresultoftheresearchfindingspresented
inthisarticle.

Oneavenueforfutureconsiderationwouldbe toapplyvariousdeeplearningmodelswithin
thescopeof financialperformancesrelated to investmentportfolios.Forexample,deep learning
approacheslikeconvolutionalneuralnetworks(CNNs)orrecurrentneuralnetworks(RNN)could
beonepossiblemethodologytoexplore.InCNN,thefeatureextractionandpredictionprocessoccur
simultaneously.ThisisnotthecasefortraditionalmachinelearningapproacheslikeMLPANNwhere
thefeatureextractionprocessisimplementedmanuallybyanexpertinthefield.InCNNs,these
typesoftransformsaremadeinherentlyandautomaticallywithintheframeworkofthemethodology.
However,onelimitationofapplyingCNNmodelsis,incontrasttootherlearningalgorithmsinwhich
theirperformancedecreaseswhentheamountofdata increases, that theirperformanceishighly
dependentupontheamountofdatathatisused.InadditiontodevelopingCNNmodels,recurrent
neuralnetwork(RNN)modelshavebeenshowntobepromisingfortime-seriesproblems.InRNNs,
eachsampleisassumedtobedependentonprevioussamples.Inthecontextofportfoliomanagement,
thiscouldbeconsideredareliabletoolforinvestorsmakingadecisiononhowaportfolioshould
beallocated.

Determiningwhichsetofinputattributes,aswellastheoutputattribute,ofanymodelisvital
totheapplicationandsuccessofadata-drivenapproach.Thus,additionalresearchcouldexplorea
widersetofattributesthatwerenotexploredwithintheresearchpresented.Forexample,emotional
investingplaysacriticalroleintheperformanceofthemarket.Thus,oneareaoffutureresearchcould
beincludinginputattributesthatreflecttheemotionsthatinfluencemarketbehavior.Inadditionto
inputattributesthatcouldpotentiallybeintegratedintothemethodology,theexpertopinioncould
alsobeconsidered,whichshouldimprovetheoverallcapabilitiesofamethodologydevelopedfor
assetallocationswithininvestmentportfolios.

MethodologiescanevolvewiththeintegrationofmachinelearningmethodslikeCNNorRNNs
withtheotheranalyticalcapabilitiessuchasoptimization.Basedontheforecaststhatcouldbemade
withvarioustypesofANNs,optimizationcouldbeemployedinordertodetermineanoptimalmixof
assetstoallocatewithinaclient’sinvestmentportfolio.Prescriptiveanalyticscouldbeleveragedina
waythatminimizesthevarianceofthesysteminordertomaximizethehighestexpectedrateofreturn
ontheinvestmentportfoliogiventheclient’sinvestmentpreferences,age,andothercharacteristics.

Methodologiesdesigned tobeusedasadecision-makingaidforportfoliodesignshould
notoverlooktheexpertiseoffinancialadvisers.Thesetoolsshouldnotbedesignedwiththe
intentofreplacingfinancialadvisors,but theyshouldbedesignedtohelptheadvisorsmake
moreinformed,andultimately,betterdecisionsfortheirclients.Therefore,withthatbeingsaid,
integratingexpertknowledgeintothedesignandimplementationofamethodologyshouldalways
beconsideredbestpractice.



International Journal of Operations Research and Information Systems
Volume 11 • Issue 3 • July-September 2020

85

ReFeReNCeS

Akinwale,A.,Arogundade,O.,&Adekoya,A.(2009).TranslatedNigeriaStockMarketPricesUsingArtificial
NeuralNetworkforEffectivePrediction.Journal of Theoretical and Applied Information Technology,9,36–43.

Burney,K.(1997).Introduction to Neural Networks.UCLPress.

Canner,N.,Mankiw,N.,&Weil,D.(1997).AnAssetAllocationPuzzle.The American Economic Review,
87(1),181–191.

CharlesSchwab.(2015).Corporation.Retrievedfromhttps://en.wikipedia.org/wiki/Charles_Schwab_Corporation

Chawla,N.,Bowyer,K.W.,Hall,L.O.,&Kegelmeyer,W.P.(2002).SMOTE:SyntheticMinorityOver-Sampling
Technique.Artificial Intelligence Research,16,321–357.doi:10.1613/jair.953

Chiang,W.(1996).ANeuralNetworkApproachtoMutualFundNetAssetValueForecasting.Management 
Science,24(2),205–215.

Dictionary.(2015).Moving Average.Retrievedfromhttp://dictionary.reference.com/browse/moving+average

EconomicResearchFederalReserveBankofSt.Louis.(2014).Retrievedfromhttps://research.stlouisfed.org/
useraccount/datalists/126909

Encyclopedia Britannica. (2015). Bear market. Retrieved from http://www.britannica.com/EBchecked/
topic/57332/bear-market

Encyclopedia Britannica. (2015). Bull market. Retrieved from http://www.britannica.com/EBchecked/
topic/84336/bull-market

Hui,S.,Yap,M.,&Prakash,P.(2000).AHybridTimeLaggedNetworkforPredictingStockPrices.International 
Journal of the Computer, the Internet, and Management, 8(3).

Jiang,Z.,Xu,D.,&Liang, J. (2017).A deep reinforcement learning framework for the financial portfolio 
management problem.arXivpreprint.

Lakshminarayanan,S.(2005).An Integrated Stock Market Forecasting Model Using Neural Networks(M.S.
Thesis).OhioUniversity.

Morningstar Principia. (2015). PNR General. Retrieved from http://advisor.morningstar.com/Principia/pdf/
PRN_General_040212.pdf

NeuralNetworks.(1989).Multilayer feedforward networks are universal approximators.Retrievedfromhttp://
portal.acm.org/citation.cfm?id=70408

Principe,J.,Euliano,N.,&Lefebvre,W.(1999).Neural and adaptive systems: Fundamentals through simulations.
JohnWiley&SonsInc.

Qian,B.,&Rasheed,K.(2007).Stockmarketpredictionwithmultipleclassifiers.Applied Intelligence,26(1),
25–33.doi:10.1007/s10489-006-0001-7

Skapura,D.(1996).Building Neural Networks.Addison-Wesley.

Suvarna,V.(2013).SMOTEBasedProteinFoldPredictionClassification.Advances in Computing & Inform.
Technology,541–550.

Vaisla,K.B.(2010).AnAnalysisofthePerformanceofArtificialNeuralNetworkTechniqueforStockMarket
Forecasting.International Journal on Computer Science and Engineering,2,2104–2109.

Weckman,G.,Dravenstott,R.,Young,W. II,Ardjmand,E.,Millie,D.,&Snow,A. (2016).APrescriptive
StockMarketInvestmentStrategyfortheRestaurantIndustryusinganArtificialNeuralNetworkMethodology.
International Journal of Business Analytics,3(3),1–21.doi:10.4018/IJBAN.2016010101

Weckman,G.,Lakshminarayanan,S.,Snow,A.,&Marvel,J.(2008).AnIntegratedStockMarketForecasting
ModelUsingNeuralNetworks.International Journal of Business Forecasting and Marketing Intelligence,1(1),
30.doi:10.1504/IJBFMI.2008.020813

https://en.wikipedia.org/wiki/Charles_Schwab_Corporation
http://dx.doi.org/10.1613/jair.953
http://dictionary.reference.com/browse/moving+average
https://research.stlouisfed.org/useraccount/datalists/126909
https://research.stlouisfed.org/useraccount/datalists/126909
http://www.britannica.com/EBchecked/topic/57332/bear-market
http://www.britannica.com/EBchecked/topic/57332/bear-market
http://www.britannica.com/EBchecked/topic/84336/bull-market
http://www.britannica.com/EBchecked/topic/84336/bull-market
http://advisor.morningstar.com/Principia/pdf/PRN_General_040212.pdf
http://advisor.morningstar.com/Principia/pdf/PRN_General_040212.pdf
http://portal.acm.org/citation.cfm?id=70408
http://portal.acm.org/citation.cfm?id=70408
http://dx.doi.org/10.1007/s10489-006-0001-7
http://dx.doi.org/10.4018/IJBAN.2016010101
http://dx.doi.org/10.1504/IJBFMI.2008.020813


International Journal of Operations Research and Information Systems
Volume 11 • Issue 3 • July-September 2020

86

Roohollah Younes Sinaki is a Ph.D. candidate in the Mechanical and Systems Engineering program at Ohio 
University. His primary research is focused on the application of mathematical programming to the problems from 
various domains including supply chain network design and manufacturing system design, validation of developed 
models with discrete simulation modeling. Roohollah is also highly interested in the application of machine learning 
and statistical modeling tools to solve complex problems related to social, environmental, and economic aspects 
of supply chain systems. Roohollah received his B.Sc. in Industrial Engineering at Azad University, Tehran, Iran 
in 2011 and his M.Sc. in Industrial and Systems Engineering at Ohio University in 2017.

Azadeh Sadeghi is a Ph.D. candidate in the Mechanical and Systems Engineering program at Ohio University. 
Her primary research is focused on humanitarian logistics, designing supply chain networks, and the application 
of discrete-event simulation models for determining operational parameters and performance measures. She has 
been publishing journal articles and conference proceedings in supply chain management and applied scheduling 
areas. Before joining Ohio University in 2015, she was a project control analyst at Moshanir Power Engineering 
Consultants Company, Tehran, Iran for five years. Azadeh received her B.Sc. in Industrial Engineering at Azad 
University, Tehran, Iran in 2011 and her M.Sc. in Industrial and Systems Engineering at Ohio University in 2017.

Dustin S. Lynch is a Master Black Belt Engineer. Lynch completed a master’s degree in Industrial and Systems 
Engineering at the Russ College of Engineering and Technology at Ohio University in 2011. In addition to this 
degree, Lynch also completed a bachelor’s degree in Plastics Engineering at Shawnee State University in 2007. 
Dustin now works for a major aerospace company where he specializes in cost estimation, operations management, 
and lean six sigma.

William A. Young II (PhD) is a Charles G. O’Bleness Associate Professor of Business Analytics in the Department 
of Analytics and Information Systems at Ohio University. Young earned his doctorate degree in Mechanical and 
Systems Engineering from Ohio University in 2010. William also received a bachelor’s and master’s degree 
in Electrical Engineering at Ohio University in 2002 and 2005 respectively. William has collaborated with 
multidisciplinary teams of faculty, students, and professionals on projects and programs that have been funded 
by General Electric Aviation, the National Science Foundation, Sogeti Netherlands, and Ohio’s Department of 
Labor. Young’s primary research and teaching interests relate to operation management, healthcare services, and 
environmental systems, as well as specific interests in quantitative sports analysis, and educational technologies 
and techniques for innovative curriculum development and teaching instruction.

Gary Weckman (PhD) is an Associate Professor in the Department of Industrial and Systems Engineering in 
the Russ College of Engineering and Technology at Ohio University. Dr. Weckman has an extensive research 
background in data analysis, with specific training and expertise in key research areas of nonlinear modeling. 
He has authored or co-authored more than 100 peer-reviewed articles in journals and conferences. Currently, he 
has been researching multidisciplinary applications utilizing knowledge extraction techniques with artificial neural 
networks (ANN). Dr. Weckman has extensive experience in and possesses an internationally-renown reputation 
for neural network modeling of complex information systems, both traditional (e.g. applied applications of reliability 
analysis and telecommunications) and non-traditional (e.g. network modeling applications for financial and ecological 
monitoring). Prior to returning to university for an academic career, he has industrial engineering experience with 
over 12 years at such firms as General Electric Aircraft Engines.

Young,W.,Holland,W.,&Weckman,G.(2008).DeterminingHallofFameStatusforMajorLeagueBaseball
UsinganArtificialNeuralNetwork.Journal of Quantitative Analysis in Sports,4(4).

Young, W. II, & Weckman, G. (2009). Using a heuristic approach to derive a grey-box model through an
artificialneuralnetworkknowledgeextractiontechnique.Neural Computing & Applications,19(3),353–366.
doi:10.1007/s00521-009-0270-2

http://dx.doi.org/10.1007/s00521-009-0270-2

