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ABSTRACT

Thepossibilitytoenhancepredictionaccuracyforforeignexchangerateswasinvestigatedintwo
ways:firstapplyinganoutsidetheboxapproachtomodelingpricegraphsbyexploitingtheirvisual
properties, and secondly employing themost efficientmethods todetectpatterns to classify the
directionofmovement.Theapproachthatexploitsthevisualpropertiesofpricegraphswhichmake
useofdensityregionsalongwithhighandlowvaluesdescribingtheshape;hence,theauthorspropose
thename‘FinanceVision.’Thedatausedinthepredictivemodelconsistsof1-hourpastpricevalues
of4differentcurrencypairs,between2003and2016.Predictionperformancesofstate-of-the-art
methods;ExtremeGradientBoosting,ArtificialNeuralNetworkandSupportVectorMachinesare
comparedoverthesamedatawiththesamesetsoffeatures.Resultsshowthatdensitybasedvisual
featurescontributeconsiderablytopredictionperformance.
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INTRodUCTIoN

Hugeamountofmoneyflowsintothemarketsallaroundtheworldforthetradeofvariousfinancial
instrumentssuchasstocks,commodities,foreignexchange(FOREX),futures,andsooneveryday.
Forexample,accordingtoexpertsandprofessionals,averagedailyturnoverinFOREXmarketsalone
is inexcessof5 trillionUSdollars (Chandler,2013). Investmentand tradingdecisions,whether
theytendtobelongtermorshortterm,aremainlybasedonpredictingthefuturemovementsofthe
financialinstrument(s)inquestion.Therehasbeenanongoingdebateamongresearchersonwhether
financialmarketsarepredictableornotforalongtime.Somethinkthatfinancialmarketmovements
arenothingbutrandomwalk,andsomefindingssupportthatclaim:forexample,VIXfuturesprices
were found to be unpredictable by Konstantinidi and Skiadopoulos (2011). Furthermore, some
researchersevenclaimedthatnoneoftheconventionalpredictivemodelsproposedintheliterature
onstockpredictionseemscapableofsystematicallypredictingstockreturnsinlongrangeoftime
horizons,andspeculatorsdonotearnsignificantprofitsincommodityandinterestratefuturesmarkets
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inaggregate(Hartzmark,1987),(Bossaerts&Hillion,1999),(Goyal&Welch,2008).Ontheother
hand,manyresearchersdisagreewiththisrandomwalkapproach.Someofthemclaimspeculators
cangainprofitsoncommodityandcurrencyfutures(Yoo&Maddala,1991),(Taylor,1992),(Kho,
1996),(Wang,2004),(Strozzi&Zaldivar,2005).Someothersbelievethatfinancialinstruments,
commoditiesinparticular,arepredictable,atleasttoacertainextent(Campbell&Thompson,2008),
(Zuninoetal.,2010).Thedebatehasnotbeensettledyet,however,itisfairtosaythatfinancial
instrumentsaredefinitelyhardtomodelorpredict,ifnottotallyunpredictable.Obviously,itwould
bevaluableinformationfortheinvestorifheorshecouldknowinadvancewhichwayaninstrument
wouldgo.Inthispaperaninvestigationiscarriedoutinordertogivetheinvestorapotentialadvantage
bytryingtoanswerthefollowingquestion:wouldacertainFOREXratebelikelytogoupordown
inthefollowinghours?Technical(quantitative)analysisi.e.pastpricevaluesoftheinstrumentsis
solelyused,andfundamentalanalysisisnotinthescopeofthisstudy.

A dIFFERENT APPRoACH To TIME SERIES

AsstatedatIntroduction,themainandintriguingquestionhereis:wouldacertainFOREXratebe
likelytogoupordowninthefollowinghours?

VastmajorityoftimeseriespredictionmodelsareMovingAverage(MA)based;suchasAuto
Regressive Moving Average (ARMA), Auto Regressive Integrated Moving Average (ARIMA),
Auto Regressive Integrated Moving Average with eXogeneous input (ARIMAX) and Nonlinear
AutoRegressiveMovingAveragewitheXogeneousinput(NARMAX).Sincetheintentionistouse
pastpricemovementsonly,thereisaneedtocomeupwithsomethingcreativetomakeadifference.
Therefore,wedonotincludeanyMAinourpredictionmodel.Instead,weproposetheusageofvisual
featuresrelatedtotheshapesofFOREXpricemovementstoclassifyfuturetrends.Weareinspired
bythefactthatonecansomewhatdeterminethedifferencesamongthepricemovementsbyvisually
inspectingtheirgraphs.Theproposedapproach;calledhereinFinanceVisionmethod,issimilarto
MachineVisionwhichisthetechnologythatemploysimageprocessingmethodstorecognizepatterns,
inthewaythat,theFOREXpricemovementsaretreatedlikeimagestogetcertainfeatures,justas
thesayinggoes:“apictureisworthathousandwords”(Dudaetal.,1973),(Gonzales&Woods,
2007).Thesefeaturesarethenusedfortrainingstate-of-the-artclassifierstorecognizefutureprice
trends.Experimentsshowthatcomparablerecognitionratesareobtained.Consequently,Finance
Visioncanbedefinedasfinancialtimeseriesrecognitionandpredictionusingvisualpropertiesof
financialtimeseriesgraphs.

Aspervisualpropertiesoffinancialtimeseriesgraphs;densitylevelsareusedtogetherwithpeak
andtroughvaluesofthefinancialinstruments.Financialdataaretypicallyrepresentedbybarcharts
withOpen(O),High(H),Low(L),andClose(CandOHLCaltogether)denotingcorresponding
pricevalues,seeFigure1.Datagraphsforfinancialtimeseriesarecommonlymadeupofseriesof

Figure 1. Common financial data representation
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OHLCbars.Here,apricevaluerangeissaidtobedenseiftherearealargenumberofOHLCvalues
inthatparticularrange.

dATA

Asmentionedabovetherearemanyresearchpapersonpredictabilityoffinancial instruments;
however,predictabilitycomparisonoftheseinstrumentsinliteratureisveryrare.Infact,theonly
studywecameacrosswastheonecomparingrealestatereturnswithstockreturnsbySerrano
andHoesli (2010).Ontheotherhand, inourpreviousworkwedidanextensivepredictability
comparison, and themostpredictable instrumentwas found tobeFOREX (Karacor&Erkan,
2016).Inthesamework, themostpredictablefrequencieswereturnedout tobe1-minuteand
5-minute.However,neitherthepredictabilityperformanceof1-minutedatanorthepredictability
performanceof5-minutedatawasmuchbetterthanthoseof1-houror4-hourdata.Therefore,
fromtheinvestor’spointofview,tradingdecisionsbasedon1-houror4-hourdatacouldevenbe
moreprofitable,consideringcommissionsandspreadmarginsareusuallymoredisadvantageous
inhigherfrequencieslike5-minuteor1-minute.Henceasanoptimumfrequency,1-hourdatais
choseninthispaper,coveringthe14-yearperiodbetween2003and2016withapproximately85000
datapointsperFOREXpair,beforepreprocessing.FourindividualFOREXpairsareinvestigated;
namelyAustralianDollaragainstUSDollar(AUDUSD);EuroagainstCanadianDollar(EURCAD);
EuroagainstUSDollar(EURUSD);andUSDollaragainstJapaneseYen(USDJPY).Thedataare
extractedfromtheauthors’personalaccounts,thereforecompriseofrealliquidtradableFOREX
prices.Thedataqualityisquitehigh;hencethereareveryfewmissingpointsand/oroutlierswhich
arereplacedby5pointmovingaveragesbeforethem.

METHodoLoGy

Feature and Target Selection
Twenty-threeout of the twenty-four featuresused for ourpredictionmodel are related tovisual
attributesofpricemovements,andoneisrelatedtoseasonality.Nineofthevisualfeaturesarerelated
todensity.DensityisvisualizedasdistributionoftotalcountsofOHLCvalueswithin8differentprice
levelbandsoveracertainperiodi.e.past377hours,inotherwordsitispastOHLCcounthistograms.
Theremainingfourteenfeaturescompriseofvariousnormalizedhighandlowvaluestocompletethe
overallshapeofthefinancialinstrument.DensitylevelsareillustratedinFigure2.

TheoutputisthebinaryclassificationvaluedenotingwhethertheFOREXinstrumentwould
goupacertainhighthresholdvalue(1)orgodownanotherlowthresholdvalue(0)inthenextfive
hours.However,thisisnotonlyahighorlowvalueabovethreshold:whengoingupitshouldnot
godownthelowthreshold,andviceversa.Forinstance;ifaninstrumentgoesdown8unitsbefore
goingup3units,successfulpredictionof3unitsofupwardmovementwillnotbeusefulinformation
toenteralongposition.Theremaininginbetweenvaluesaretaggedasnotrend,andexcludedfrom
modeltraining.

State of the Art Classifiers
Itshouldbepointedoutthattheaimofthisstudyistosuggestadifferentapproach(FinanceVision)
inquantitativefinancialtimeseriesprediction;itisnottocomparedifferentclassifiers.However,
threemostpopularclassifiersarechosentogetthebestpredictionresults.Thechosenstate-of-the-
artclassifiersare:ExtremeGradientBoosting(XGB)method,ArtificialNeuralNetwork(ANN),
andSupportVectorMachine(SVM).UsageofANNsisquitepopularformodeling,prediction,and
decisionmakingoverfinancialdataandANNsareregardedasanexcellent tool for thepurpose
(Dutta&Shekhar,1988),(Wedding&Cios,1996),(Chengetal.,1997),(Yuetal.,2008),(Dash
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etal.,2014),(Xietal.,2014).LikeANNs,usageofSVMsinfinancialmarketsisquitecommon
(Choudhuryet.al.,2014),(Fenghuaetal.,2014),(Nayaketal.,2014),(Kumaretal.,2016).Onthe
otherhand,usageofXGBmethodisveryrare(Ziębaetal.,2016).

XGB
XGBclassifierischosenasoneofthepredictionandclassificationmethods.Thisismainlybecause
ithasgainedmuchpopularityintherecentyears,duetoitsoverwhelmingsuccessindatascience
competitions(Chen&Guestrin,2016).Despiteitsreputation,XGBmethodhasnotyetachieved
popularityintheliteratureaccordingly.

ItisbasicallyadecisiontreeandC++basedmodel,andhaslibrariesandinterfacesinR,Python,
andJulialanguages.Themodelcanbedescribedbasicallyasasumofprobabilities:

k
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f

=
∑
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whereeachfkisaprediction(probability)fromadecisiontree.Hencethemodelisacollectionof
decisiontreeprobabilities.Withallthedecisiontrees,predictionismadeby:
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wherexiisthefeaturevectorfortheithdatapoint.
Inordertotrainthemodel,alossfunctionisneeded.Sinceitisabinaryclassificationinour

case,thelossfunctionislogarithmicloss(logss):

L
N

y p y p
i

N

i i i i
=− ( )+ −( ) −( )( )

=
∑� log
1

1 1
1

log  (3)

Figure 2. (a) Sample FOREX price movement; (b) Associated density levels (OHLC histograms)
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whereNdenotesnumberofsamples/instances,ybinaryvariable,andpistheclassificationprobability
atinstancei.

Anotherimportantpartofthemodelisregularization.Agoodregularizationtermcontrolsthe
complexityofthemodelandpreventsoverfitting:

Ω = +
=
∑�γ λT w
j

T

j

1

2 1

2  (4)

whereTisthenumberofleaves,γistherelaxationterm(constant),λistheL2regularizationterm
(constant),andwj

2isthescoreonthejthleaf.
Withlossfunctionandtheregularizationtermtogether,theobjectiveofthemodelisattained:

Obj L= + Ω  (5)

Inthisstudy;followingaparameteroptimization,weemployanXGBmodelwith377booster
treeshavingmaximumdepthof8,whilstdefaultvaluesareusedforotherparameters.

ANN
ANNsareinspiredfrombiologicalneuralnetworksandarewellknownfortheirhighapproximation
andmodelingcapabilities(Karacor&Denizhan,2004),(Karacoretal.,2007).ANNsareusedina
widerangeofapplicationsfromjobsatisfactionperformanceevaluation(Aktepe&Ersoz,2012),
solvingcapacitatedP-medianproblem(Shamsipooretal.,2012)topredictionofaircraftaccident
occurrence(Yeoum&Lee,2013)ANNsaretrainedinorderthattheylearnasetofinput-outputdata
thatrepresentusuallyaverycomplexorevenundefinedfunction.Withsufficientnumberofhidden
layersandneurons,theycanmodelanygiveninput-outputrelationship(Horniketal.,1989).All
nodes(artificialneurons)areinterconnected,thusformamassiveparallelism,andeachconnection
hasaweightthatchangesastheANNistrained,andeachnodehasanactivationfunction.There
arenumerousactivationfunctions,rangingfromsimplelinearfunctionstovariousnonlinearones.
ThenonlinearityofactivationfunctionsenablestheANNtolearneventhemostcomplexpatterns.

Inthisstudy,againfollowingaparameteroptimization,anANNmodelisconstructedwitha
multi-layered feed forwardnetwork,having2hidden layerswith55and3neurons, respectively.
Hyperbolic tangent ischosenasactivationfunction.Thenetwork is trainedbybackpropagation
gradientdescentalgorithm.

SVM
SVMmapsdatasetstohigherdimensionalspacesinordertomoreeasily(linearly)classifythem.
Therefore, it is a very strong classification tool.SVM is implementedusing thekernelAdatron
algorithm.ThekernelAdatronmapsinputstoahigh-dimensionalfeaturespace,andthenoptimally
separatesdata into their respective classesby isolating those inputswhich fall close to thedata
boundaries.Therefore, thekernelAdatronisespeciallyeffectiveinseparatingsetsofdatawhich
sharecomplexboundaries.Gaussiankernelfunctionsareusedinthisstudy.SVMischosenasan
alternativemethodtoXGBandANNforFOREXpredictioninthispaper.

Classical ARMA Model
Tocomparetheperformanceofproposedfeaturestoaclassicalmethodusedintimeseriesprediction,
oneofthemostcommontimeseriespredictionmethodsARMAischosen.AnARMA(p,q)model
iscomprisedofsumsofpAutoRegressivetermsandqMovingAveragetermspluserrortermsof
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atimeseries.AnARMA(1,1)modelthatusespastfive-hourhighsandlowstopredicthighestand
lowestvaluesoffivehoursahead,isemployed.

TRAINING, TESTING, VALIdATIoN ANd RESULTS

Thedataarerandomizedtoachieveafairdistribution.Only50%ofthedataischosentotrainthe
models,suchthatonlydatathatgoabovecertainfluctuation(upanddown)thresholdlevelsarekept
andtherestareeliminated.80%ofdataareusedfortraining,15%fortesting,andtheremaining5%
forcrossvalidation.Allmodelsaretraineduntiltheresultsstopimprovinginthevalidationset.The
modeltrainingandtestingdatacoverthe13-yearperiodbetween2003and2015.Theremaining,outof
therange,1-yeardata(2016)isusedforvalidation.Astatisticalanalysisbetweenmodelbuildingand
validationdataismade.Thesizeofthevalidationdataisapproximately1/12thofthemodelbuilding
data;hence,thevalidationdataisrepeatedforthisanalysistogetequaldatalengths.TheANOVA
analysisforthiscomparisonisgiveninTable1.Thecorrelationbetweenthetwodatasetsis0.0249.
JudgingbythecorrelationandtheanalysisgiveninTable1,itisfairtosaythatmodelbuildingand
validationperiodshavedifferentcharacteristics.Neurosolutionssoftware(1994–2015)isusedfor
ANNandSVMtrainingandPythonsoftware(Rossum,1995)forXGBmodeling.

Tounderstandtheeffectsofthedensitybasedvisualfeaturesbetter,threedifferentfeaturesets
areusedinthetrainingandtestingofthemodels:thefirstsetcomprisesoffulldensityandallother
features,secondsetistheonecontainingfewerfeatureswithdensityfeaturesremoved,andfinally
thethirdsetcontainsadditionalfeatures,suchasadditionalhighandlowvaluesandmovingaverages,
inplaceofthedensityfeatures,keepingthetotalnumberoffeaturesconstant.

During the trainingprocess,howthemeansquared trainingerrorchanges for theANNand
SVMisillustratedinFigure3andFigure4respectively,asanexample.AstatisticalR-valueand
classificationperformanceanalysisismadeonthetestdatainordertocomparetheproducedoutputs
withtheactualvaluesthatindicatedwhetherpredictionssucceedornot.Resultsofthisanalysisare
giveninTables2,3,and4forthemodelwithfulldensitybasedvisualfeatures,withdensityfeatures
removed,andwithdensityfeaturesremovedbutotherextrafeaturesintroducedinsteadrespectively.
OverallcomparisonsamongfeaturesetsaregiveninFigures11and12forthemodelbuildingand
outof rangevalidationperiods respectively.Also inTable5,anRvalueanalysis isgivenofall
FOREXpairsonaverageforthevalidationset.Moreover,averagetrainingtimesinsecondsofthe
threeclassifiersaregiveninTable6.FinallyresultsoftheARMAmodelaredisplayedinTable7.

Astatisticallymeaningfulvariableweusedforpredictabilityperformancecomparisonisthe
correlationcoefficientR.Risusedtomeasurehowwellonevariablefitsonanother,linearregression
wise.Inourcase,thesevariableswerepredictedagainstdesired,inotherwords,modeloutputsvs.

Table 1. ANOVA analysis between model building and validation data

Summary

Groups Count Sum Average Variance

Modelbuildingdata 79151 67344.22 0.850832 0.014946

Validationdata 79151 59143.31 0.747221 0.000346

ANOVA

Source of Variation SS df MS F P-value F crit

BetweenGroups 424.8518 1 424.8518 55563.93 0 3.841518

WithinGroups 1210.39 158300 0.007646

Total 1635.242 158301
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actualclassificationvaluesdenotingmovementdirectionsoftheFOREXpairsinthefollowing5
hours.Rvalueiscalculatedbytheformulabelow:

R

x x d d
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d d
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Figure 3. MSE for ANN training

Figure 4. MSE for SVM training
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Table 2. Performance comparison for full visual density-based features

XGB

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.78878505 0.802207 0.795819 0.7836583 0.590827

EURCAD 0.83746407 0.863375 0.838635 0.827683 0.698691

EURUSD 0.62103673 0.630012 0.623518 0.612748 0.458639

USDJPY 0.65473571 0.673684 0.664537 0.642535 0.493787

ANN

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.67291312 0.728733 0.699373 0.733519 0.415513

EURCAD 0.79364731 0.832647 0.803744 0.8547348 0.570436

EURUSD 0.53283632 0.593846 0.547354 0.6046932 0.294438

USDJPY 0.58354845 0.637453 0.604749 0.6544773 0.335256

SVM

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.80723982 0.835847 0.821685 0.8282266 0.683576

EURCAD 0.83746459 0.850938 0.846453 0.842834 0.749882

EURUSD 0.60999436 0.657484 0.635482 0.629374 0.512497

USDJPY 0.67458321 0.716359 0.708465 0.711286 0.578643

Table 3. Performance comparison for no density features

XGB

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.60186916 0.673175 0.639235 0.62585 0.275713

EURCAD 0.70027383 0.767734 0.723863 0.71989 0.404757

EURUSD 0.51836091 0.583741 0.553908 0.54552 0.189921

USDJPY 0.52539831 0.593896 0.553672 0.54355 0.210928

ANN

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.55712452 0.562285 0.560484 0.405607 0.187504

EURCAD 0.64983635 0.653709 0.643948 0.510039 0.273645

EURUSD 0.50938732 0.515673 0.515112 0.355638 0.137481

USDJPY 0.52536849 0.538292 0.529931 0.369984 0.157392

SVM

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.69130435 0.745841 0.717742 0.742991 0.477888

EURCAD 0.81536348 0.846376 0.828393 0.845362 0.632083

EURUSD 0.55029322 0.600846 0.585434 0.598693 0.348462

USDJPY 0.60667591 0.654438 0.619974 0.643946 0.380293
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Table 4. Performance comparison for no density but other extra features

XGB

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.6728972 0.7249576 0.700178 0.689655 0.398406

EURCAD 0.7389458 0.812746 0.797838 0.787926 0.523949

EURUSD 0.6047511 0.574944 0.603922 0.556482 0.315367

USDJPY 0.6029374 0.640133 0.637492 0.638325 0.347458

ANN

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.5691861 0.6434231 0.600604 0.6850945 0.256393

EURCAD 0.6649503 0.749375 0.674835 0.7659401 0.345537

EURUSD 0.5294856 0.585942 0.544947 0.5839463 0.223944

USDJPY 0.5595754 0.628354 0.589407 0.6466588 0.213957

SVM

Sensitivity Specificity Accuracy Precision R

AUDUSD 0.7852447 0.7805332 0.782696 0.752274 0.600139

EURCAD 0.8328467 0.846473 0.820125 0.817352 0.725844

EURUSD 0.5493644 0.648312 0.54837 0.600247 0.458353

USDJPY 0.6448465 0.696902 0.689432 0.595734 0.523949

Table 5. R values on validation data

XGB ANN SVM

Full 0.157639 0.219886 0.055405

Nodensity 0.089221 0.190187 0.019189

Nodensitybutother 0.147648 0.173114 -0.00287

Table 6. Average training times in seconds

XGB 4.16

ANN 720

SVM 2700

Table 7. ARMA model performance

Test Validation

Accuracy R Accuracy R

AUDUSD 0.2543 0.1093 0.1795 0.0847

EURCAD 0.2884 0.1382 0.2142 0.1038

EURUSD 0.2147 0.0834 0.1483 0.0597

USDJPY 0.2223 0.0933 0.1508 0.0641
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where:

N=numberofexemplarsinthedataset
x=networkoutput
dij=desiredoutput

Thesizeofthemeansquareerror(MSE)canbeusedtodeterminehowwellthemodeloutput
fitsthedesiredoutput;however,itdoesnotnecessarilyreflectwhetherthetwosetsofdatamove
inthesamedirection.Forinstance,bysimplyscalingthenetworkoutput,wecanchangetheMSE
withoutchangingthedirectionalityofthedata.ThecorrelationcoefficientRsolvesthisproblem.By
definition,thecorrelationcoefficientbetweenanetworkoutputxandadesiredoutputdisdefined
byFormula(6).Thecorrelationcoefficientisconfinedtotherange[-11].WhenR=1thereisa
perfectpositivelinearcorrelationbetweenxandd,i.e.theyvaryaccordingly,whichmeansthatthey
varybythesameamount.WhenR=-1,thereisaperfectlinearnegativecorrelationbetweenxand
d,i.e.theyvaryinoppositeways(whenxincreases,ddecreasesbythesameamount).WhenR=0
thereisnocorrelationbetweenxandd,i.e.thevariablesarecalleduncorrelated.Intermediatevalues
describepartialcorrelations.

Theperformancesofallthreeclassifiersareevaluatedintermsofsensitivity,specificity,accuracy,
andprecision.Theseparametersarestatisticalmeasuresforclassification.Valuescloseorequalto
100%aredesirable.Theyarerelatedwithtruepositive(TP),truenegative(TN),falsepositive(FP)
andfalsenegative(FN)values,asexplainedbelow:

TP:Numberofcasesbelongingtoacertainclassthatarecorrectlyclassified.
TN:Numberofcasesnotbelongingtoacertainclassthatarecorrectlyclassified.
FP:Numberofcasesbelongingtoacertainclassthatareincorrectlyclassified.
FN:Numberofcasesnotbelongingtoacertainclassthatareincorrectlyclassified.

Theseparametersarecalculatedbythefollowingequations:

Sensitivity
TP

TP FN
=

+
 (7)

Specifity
TN

TN FP
=

+
 (8)

Accuracy
TP TN

TP FP FN TN
=

+
+ + +

  (9)

Precision
TP

TP FP
=

+
 (10)

Another popular method for measuring classification performance is Receiver Operating
Characteristic(ROC)curve.Instatistics,aROCcurveisaplotofthetruepositiverate(TPR)against
thefalsepositiverate(FPR)atvariousthresholdsettings.Thetrue-positiverateisalsoknownas
sensitivity,recallorprobabilityofdetectioninmachinelearning.Thefalse-positiverateisalsoknown
asthefall-outorprobabilityoffalsealarmandcanbecalculatedas(1−specificity).TheROCcurve
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isthusthesensitivityasafunctionoffall-out.ROCanalysisisusedinmanyareasandisincreasingly
usedinmachinelearninganddatascienceresearchnowadays.Asascoreformodelcomparison;
AreaUnderCurve(AUC)isusedwithROC.AUCvaluescloserto1indicatebetterclassification
(Hanley&McNeil,1982).ROCcurvesandAUCscoresaregivenfortheAUDUSDmodelsusing
fulldensitybasedvisualfeaturesinFigures5,6,and7;aswellasforthemodelswithoutdensity
basedfeaturesinFigures8,9,and10.

dISCUSSIoN ANd CoNCLUSIoN

AscanbeseeninTables2,3,4,andFigures5-12;thereisacleardistinctionbetweenperformances
ofdensitybasedandotherfeaturesbothRandclassificationcriteriawise.Inotherwords,density
basedvisual features simplyoutperform theothers byboosting theprediction and classification
success.Theperformanceofnodensitybutextrafeaturesaddedinsteadisbetter thanthatofno
densityfeatures.Ofcourse,thisisunderstandableastheformerhasmorefeatures.Thebestperforming
methodisSVM,andXGBperformsbetterthanANN.ThemostpredictableFOREXpairturnsout
tobeEURCAD,whileAUDUSDcomessecond,andEURUSDistheleastpredictable.Thisisalso
interestingasEURUSDisthemosttradedFOREXcurrencypairallovertheworld.Aspertraining
timesshowninTable6.8,theperformanceofXGBclassifierisoutstanding,andtheworsttraining
timeperformancebelongstotheSVMclassifier.Theperformanceofthewell-knownclassicalARMA
methodisworsethanallothermethodsinbothtestandvalidationsets.

XGBmethodisnotablackboxunlikeANNandSVM,theresultsachievedbyXGBclassifier,
canbemoreeasilyexplained.AnanalysisonfeatureimportanceoftheXGBmodelisillustratedin
Figure13.Astheillustrationimplies,5ofthemostimportant8featuresoutofthetotal24aredensity
variables.Thisalsoshowsthesuperiorityofthedensitybasedvisualfeatures.

Ontheotherhand,asseeninTable5,thereisasharpdecreaseintheperformancesofallmethods
overthevalidationdata.Thismaybeduetosomeoverfittingbecauseofintertwiningpastandfuture
databelongingtothemodelbuildingperiod.Itcouldalsostemfromtheever-changingbehaviorof
financialmarkets.However,densitybasedvisualfeaturesstillperformbetter thantheothers.As
pertheperformancesofdifferentmethods,thelistisreversed:ANNperformsthebest,XGBcomes
second,andSVMthirdovervalidationperiod.

Forfuturework;waystogetbetterpredictionresultsoveroutofrangedatacouldbeinvestigated.
Also,developmentofatradingstrategydependingonthedensitybasedvisualfeaturescouldyield
interestingresults.Thisworkshouldincludeprofitabilityalongwithpredictability,usingbuy,sell,

Figure 5. ROC curve for XGB model with full visual density-based features



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 2 • April-June 2020

72

Figure 6. ROC curve for ANN model with full visual density-based features

Figure 7. ROC curve for SVM model with full visual density-based features

Figure 8. ROC curve for XGB model with no density features
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Figure 9. ROC curve for ANN model with no density features

Figure 10. ROC curve for SVM model with no density features

Figure 11. Overall comparison among feature sets
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takeprofitandstoplossconditions.Ofcourse,goodpredictionsmaynotnecessarilyleadtoprofitable
trades,andofcoursewhetherreturnsoutweighcostsandrisksisacrucialquestiontobeinvestigated;
however,allthesearewouldbeinthescopeoffuturework.

Consequently,bylookingatpredictionandclassificationperformancesofdensitybasedvisual
features,itisfairtosaythattheycouldopenawindowtoFinanceVision.

Figure 12. Overall comparison among feature sets on validation data

Figure 13. Feature importance of XGB classifier
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