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ABSTRACT

This article analyzes the relationship between Bitcoin and the stock market by using a vector
autoregressivemodel.Toenhance the impulseresponsesignal, theSlidingWindowtechnique is
applied.StudyresultsshowtherelationshipbetweenBitcoinandthestockmarket.First,theS&P500
hasarelativelysignificanteffectonBitcoin,whiletheinfluencecausedbytheS&P500isweak.In
addition,afterinvolvingtheSlidingWindowtechnique,theeffectscausedbythestandarddeviation
oftheS&P500andthemeanoftheDowJonesareremarkablystrongonthemeanofBitcoinandthe
standarddeviationoftheS&P500hasacomparativelysignificanteffectonthestandarddeviation
ofBitcoinaswell.Generally,theS&P500andtheDowJonesindexeshaveanadvantageouseffect
onBitcoin.Financialinvestmentcanbemadebasedonthismodelandconclusion.
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INTROdUCTION

Bitcoin,regardedasanewtypeofnewdigitalcurrencythatcouldbeusedontransactionamong
different parties, has attracted increasing attention from scholars and financial experts. Satoshi
Nakamoto(2008)firstinventedBitcoin,theappearanceofwhichrealizeddecentralizedtransaction.
Bitcoinallowsonlinepaymenttobetransacteddirectlyfromonepartytoanotherwithoutgetting
throughanintermediatefinancialinstitution,whiletraditionalfinanceresiststhetrust-in-third-party
mechanismcentralizedonthefinancialinstitution.EventhoughthepublicbelieveBitcoinfinancehas
thepotentialtoreplacetheantiquatedfinanceparadigm,Bitcoinandtraditionalfinancearecurrently
coexisting. InBitcoin finance,more reliable trust is establishednotbyauthority intermediaries,
butbynetworkconsensus,cryptography,digital signature,which reduceshigh transactioncosts.
However,thepossibilityofsystemfailuresandattacksorfraudbehaviorisalwaysunavoidablein
onlinetransactions.Inthiscase,traditionalfinancestandsinamoreadvantageousposition.

Gandaletal.(2018)providedanalysesfortheBitcoinPriceinrecentyearsandarguedthatBitcoin
experiencedbothrisingandfallingtendencyinthepastyears.PriceofBitcoingetsafallingshock,
followinglargeinvestmentsinBitcoin.ThevolatilityofBitcoinhasgraphicalsimilaritywiththatof
thestockmarket.Manyrelatedpredictiveanalysismethods,proposedbyeconomiststopredictthe
stockmarket,havealsobeenusedtoforecastBitcoinpricevolatility.Withthedevelopmentofthe
Bitcoineconomyandmoreandmoreattentionsfromtheindustryoffinancialinvestment,whetherthe
relationshipbetweenBitcoinandthestockmarkethasbecomeavaluableresearchsubject,although
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thissubjecthasnotbeenmentionedbyexpertsandscholarswidely.Therelationshipbetweenthe
stockmarketandBitcoinwillhelpinvestorstomaketheirinvestmentstrategyandfindoutpossible
influencingfactorsontheBitcoinmarket.

Thestudyofthispaperhasmadesignificantcontributionstotheacademicfieldandfinancial
marketanalysisasfollows:

• WepresentagroundbreakingstudyoftherelationshipbetweenBitcoinandthestockmarketover
timebasedonVectorAutoregressivemodelofTimeSeries.Theimpulseresponseisinvolved
assignaltoobservethereactionofthisdynamicsystemofBitcoinandstockmarketinresponse
tosomechangecausedbyrelativeparameters.

• SlidingWindowtechniqueisutilizedtoenhanceimpulseresponsesignals.Withthesizechanges
ofslidingwindow,theloudnessoftheimpulseresponsesignalvariesaswell.

• BigDatatechnologyisappliedindataprocessing.ThestudyappliedYahooAPIforbatchdata
collectionofthreestockindexes.

In this paper, we firstly introduce the development background of Bitcoin as one type of
cryptocurrency based on blockchain protocol, recall the existing economic modeling strategies,
includingRandomWalkhypothesis,SVR,RF,ANN,etc.,usedforstockmarketforecastingandfurther
explorethesolutionsofVAR,impulseresponseandslidingwindowtofigureoutnon-stationarytime
serieswiththefeatureofseasonalvolatility,correspondingtothedataofstockmarketandBitcoin,in
Section2.InSection3,datacollectionofthethreemainstockindexesisperformedthroughYahoo
FinanceAPIonPythonandthenwestudythetimeseriestendencyovertimeforeachseriesand
theirrespectivepricereturnseries.Wedescribeindetailaboutthebasicmodelingframeworkof
VARmodelonfourvariablesinSection4.InSection5,theresultsofimpulseresponseandvariance
decompositionareshown,andfurthereffortsaremadetoobtainimpulseresponseamongvariables
throughsettingupslidingwindows.DiscussionforfurtherstudyiselaboratedinSection6.Finally,
weconcludeadynamicrelationshipbetweenBitcoinandthestockmarket.

BACKGROUNd

Asakindofdigitalcurrency,BitcoinwasfirstlyinventedandproposedbySatoshiNakamotoin2008.
Heproposedapeer-to-peernetworksolution,whichcanhandletransactionsintoachainofhash-based
proof-of-work.Intheprocess,anunchangeablerecordwillbeformedevenwithoutproof-of-work.
BitcoinisbasedontheblockchainprotocoltoprocesstransactionsofthedigitalBitcoincurrency
betweentwoparties.Eyaletal.(2016)outlinedtheBitcoin-NGscalableblockchainprotocoland
designedquantitativemetricsthatcanbeusedtoevaluateNakamotoconsensusprotocols.Bitcoin-
NGscalableblockchainprotocolfinallycanguaranteehigheroutputandlowerlatencythroughits
scalabilityandrobustness.SincetheBitcoincryptocurrencyrecordsalltransactionsintheblockchain,
whichisapublicdistributedlog,itssecurityplaysanimportantroleinthewholetransactionprocess.
EyalandSirer(2018)pointedout thatBitcoin’sminingprotocol isnot incentive-compatibleand
presentedastrategycalledSelfishMiningthatcanenablemorerevenuebyaminoritypool.Amajority
ofBitcoinresearchesfocusoncryptographyandsecurityoftheBitcointransaction,butrareofthem
involvetherelationshipbetweenBitcoinandthestockmarkets.

Foralongtime,thefinancialcommunityandacademiahavegenerallybelievedthatstockprice
anditsvolatilityareforecastable.Themostwell-knownandinitialtheoriesinstockpredictionare
RandomWalkhypothesis(Malkiel&Fama,1970;Malkiel,2003)andtheEfficientMarkethypothesis
(Jensen,1978),whichpointsoutthattheexistinginformationsetwouldinfluencethecurrentprice
ofthestock.Therefore,stockpricescouldn’tbepredictedaccuratelybyhistoricalpriceinformation.
Consequently,Malkiel concluded that economicprofits cannotgainas the resultof stockprices
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randomnessexceptconsideringtheexcessivesortofrisk.Theresearchbasedonthebehaviorofstock-
marketprices(Famaetal.,1965)examinedtheRandomWalkhypothesisanddiscusseditsattributes:
(a)consecutivepricechangesiswithindependence.(b)thepricechangeisbyacertainprobability
distribution.Withtheimprovementoftechnologyandacademicability,progressivelymoremachine
learningalgorithmsandmodelshavebeenappliedintheresearchandanalysisofstockpricesin
recentyears.SupportVectorRegression(SVR)basedonchaoticmappingfireflyalgorithm(Kazem
etal.2013)isproposedtoforecaststockmarketprice,whichestablishedunobservedphasespace
dynamicsthroughadelaycoordinateembeddingmethod,andemployedachaoticfireflyalgorithm
togetoptimizationforSVRhyperparameterstopredictthestockmarketprice.Allthesemodelswere
employedbasedonthepreconditionthatthepredictedtimeseriesarelinearandstationary,which
will,toacertainextent,causetheforecastresulttodeviatefromtheactualsituation.Besides,the
fusionofmultiplemachinelearningtechniqueshasbeenutilizedtopredictthestockmarket(Patel
etal.2015).Atwo-stagefusionhybridmodelcouldbesetup:thefirststagefusionuseSVRandthe
secondstagefusionincludeArtificialNeuralNetwork(ANN),RandomForest(RF)andSVRleading
toSVR-ANN,SVR-RFandSVR-SVRfusionforecastmodels.Thishybridmodelhasefficientlyand
successfullydecreasedtheerrorintheperformanceofprediction.Furthermore,Hafezi,Shahrabi,
andHadavandi (2015)proposed abat-neural networkmulti-agent system (BNNMAS)with four
layersforstockpriceprediction.TheyappliedametaheuristicBatalgorithmtotraintheartificial
neuralnetwork(ANN)andeventuallygothighaccuracyofpredictionindicatedbyMAPEstatistic
calculation.Withthefurtherapplicationofdeeplearning,Zhou,Pan,Hu,TangandZhao(2018)
stated stock forecasting model GAN-FD based on the deep learning algorithm, which attained
remarkable prediction performance through optimizing training, reducing direction forecast loss
andpredictionerrorloss.Duetothenon-linearityanddynamicstateofstockmarketforecasting,
Basak,Saha,Kar,Khaidem,andDey(2019)builtapredictivemodelbasedonRandomForestand
XGBclassifierswithhighrobustness,indicatedbydiversestandardparametersincludingaccuracy,
recall,specificity,andF-score.Theirproposedmodelreasonablyreducedtheriskofstockmarket
investmentthroughanalyzingthereturnsofstockandgothigheraccuracyofdirectionpredictionof
thestockmarket,comparingtoanyotherappliedalgorithmmodels.However,inmanystudieson
stockmarketforecasting,theimpactorpotentialcorrelationbetweenBitcoinandthestockmarket
hasbeenhardlydiscussed.

Sincestockmarketdatacanberegardedasnon-stationarytimeseriesdataaswell, thetime
seriesmodelisanidealmethodforstudyingthestockmarket.Timeseriesmodelsareoftenusedto
predictthefuturevalueofstocksbasedonpreviouslyobservedvalues.Sadaei,Guimaraes,Silva,
Lee,andEslami(2017)providedahybridmethodbasedonexponentialfuzzytimeseriestoimprove
theaccuracyofforecastsfortheseasonalandnonlineartimeseries.Tofigureoutanylimitations,
suchasheavy-tails,long-rangedependence,andtemporalasymmetries,etc.,Leonarduzzi,Rochette,
Bouchaud,andMallat(2019)proposedwavelet-basedmaximumscatteringentropymodeltodealwith
non-stationarytimeseriesanddiscussedhowphase-harmoniccorrelationscankeeptrackwiththe
temporalasymmetries.Inmacroeconomicforecasting,theVectorAuto-Regression(VAR)modelhas
beensuccessfullyusedforthemultivariatetimeseriesanalysis.Deb(2019)furtherstudiedDegras,
Xu,ZhangandWu(2011)’stheoreticalresearchaboutamethodtotestthepossibilityofthattwo
multivariatetimeseriesarefromsameVARprocessmodelanddevelopedanewtimeseriesclustering
algorithmwithoutinvolvinganypredeterminednumberofclusterstotestmethods.Moreover,the
impulseresponsefunctionisfrequentlyusedtoanalyzetheresponseofvariousvariablesintheVAR
modeltodifferentshockinfluences.ReusensandCroux(2017)studiedwhethertheimpulseresponse
oflinearlytransformedvariablesiseconomicallycomparative.Sincetimeseriesdatatypicallyhas
seasonalvolatility,theslidingwindowalgorithmisappliedforshort-termfuturepredictions.The
performancesofthreedeeplearninghadbeencomparedbasedonaslidingwindowapproachforthe
forecastingofstockpricefluctuationinSelvin,Vinayakumar,Gopalakrishnan,Menon,andSoman
(2017)’s research.However, in these financialandalgorithmic researches, the latent relationship
betweenBitcoinandthestockmarkethasneverbeeninvolved.
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dATA SUMMARy

Thisstudyobtainsthedatafromtwosources.DataofBitcointransactionflowingisavailablefrom
CryptocurrencyHistoricalPricesonKaggle.CryptocurrencyHistoricalPricesdatasetcoveredthe
pricesofBitcoin,Ethereum,RippleandBitcoincash,tracedoneachdayfromFebruary23,2013to
February20,2018.Stockprice.StockPriceHistoricaldataiscapturedondailytransactionofthree
majorstockmarketindices(S&P500,NASDAQandDowJonesIndustrialAverage)throughYahoo
FinanceAPIonPython,thetimespansofwhicharerespectivelyfromMarch4,1957,February8,
1971,andMay26,1896toFebruary20,2018.TostudytherelationshipovertimebetweenBitcoin
andStockPrice,thesetwodatasourcesmustbematchedintheBitcoin’sshortertimeintervaland
removethedatawithoutthestocktransaction.Figure1showsatimeseriesplotofBitcoin,S&P500,
NASDAQandDowJonesIndustrialAveragewith2013daysfromFebruary2010toFebruary2018.

Since the data of Bitcoin, S&P 500, NASDAQ, and Dow Jones is measured on different
scales,whichwillaffecttheresultsofdataanalysis.DataStandardizationisrequiredtoensurethe
comparability among the four indicators.Basedon the continuityof time seriesdata, theMean
normalizationmethodissuggestedtonormalizeBitcoin,S&P500,NASDAQandDowJonesdata.
Theconversionfunctionisasfollows:
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Aftertheoriginaldataisprocessedbydatastandardization,wecanseeinFigure1thateach
indicator is in the sameorder ofmagnitude,which is suitable for comprehensively comparative
evaluation.

Figure1showsBitcoinmarketpricestarted tocontinuously increase from2017,peakedon
December18,2017,andsharplydeclineduntil2018.Similarplungefrom2017to2018hasoccurred
in thegraphsofS&P500,NASDAQandDowJonesaswell,whichhavereflectedthepotential
correspondencebetweenBitcoinmarketandthestockmarket.Highvolatilityhasbeenillustrated
intheplotofS&P500,NASDAQandDowJones,whichmeansstockpricefluctuatedramatically.
Therefore,aimingtofurtheranalysisandobservationoftimeseriesofBitcoinandstockprice,we
calculatethepricereturnbyutilizingthefollowinglogarithmicidentity:
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InFigure2,timeseriesofpricereturnbasedonBitcoin,S&P500,NASDAQandDowJones
indicateeachoftheserieshasthezeromeanwithnon-tendencyofhighstationaryontimeseries.

MeTHOdOLOGy

Inthisstudy,themainmodelingfoundationisbasedontheVectorAutoregressiveModel(VAR).Four
variablesareinvolvedinthisVARmodel,includingBT(Bitcoin),SP(S&P500),ND(NASDAQ)
andDJ(DowJones).Defineafour-dimensionalcolumnvectorasfollows:

y BT SP ND DJ
m
= ( ), , , '  (3)
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TheVARmodelcanbeexpressedasbelow:

y B y B y Cx m M
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kislagorder.B
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k
,andC areparametermatrices.M isthedatasize. 

m
represents

vectoroferrors.
Thefeaturesofimpulseresponsefunctionsandvariancedecompositionallowtracingtheevolution

ofendogenousvariablescorrespondingtoashockinoneormorevariables.Withtheequationof
evolution,thelogicisorganizedasthefollowingprocess.LetR asalagparameter.
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WithEquation(4),theVARmodelcanbeevolvedasbelow:
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InvertthistransformedVARmodelformula:
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Figure 1. Time series plot. Bitcoin fell sharply from late 2017 to early 2018, while S&P 500, NASDAQ and Dow Jones indexes 
continued to rise.
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Eachvariablecanbewrittenas:
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Figure 2. Price return plot. Compared to time series plot, price return shows relative stationery.
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TheabovepartialderivativesshowtheresponseofCE
m l+ toaone-timeimpulseiny

im
withall

othervariablesheldconstant.Theresponseofn
th

variabletoaunitshockonvariable i couldbe
graphicallydepictedthedynamicinterrelationshipswiththesystem,theprocessofwhichiscalled
ImpulseResponseFunction(IRF).

Variancedecompositionshowstheextentthatashocktoonevariableimpactsthevariance.It
determinesthecontributionofvarietiesofshockstoothervariablesintheautoregression.Itsessential
logicisasfollows:basedonthetotal
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Moreover,thevarianceof∂ +CE
m l

undertheconditionofnocorrelationsis:
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eXPeRIMeNTAL deSIGN ANd ANALySIS

Application of VAR Model
Asamethodtostudytheinfluencingindicators,VARmodelarewidelyappliedinvariousfields.
AdenomonandOyejola(2013)studiedtheimpactofagricultureandindustrializationonGDPusing
VARandSVARmodels,whichexperimentallyconcludedthesignificantroleperformedbyagriculture
andindustrysectortoGDPgrowthandagreatereffectfromagriculturewasshownthroughforecast
errorvariancedecompositions.Inpsychologyfield,Bringmannetal.(2018)usedtheTV-VARmodel
toexploreemotiondynamicsandtheirchangesovertime.

Inthisstudy,withfourvariablesinvolvingBT,SP,ND,andDJ,aVARmodelisbuilttoanalyze
thedynamicrelationships.Lagorderisselectedat18and3,accordingtoAICandBICrespectively.
VAR(3)canbechosenasthemoreoptimalmodelbasedonBIDoflagorderselectionparameters
sinceBICapproachestothetruemodelamongthesetofresults.

TheimpulseresponseresultsareplottedinFigure3.TheshockeffecttoBitcoinbyBitcoinitself
demonstratesthatithasanoriginallystrongpositiveimpactbutanegativeeffectatlag1.Theeffect
shockgraduallyaugmentsfromlag2tolag4andthenflattensout.NoneofS&P500,NASDAQ
andDowJonesaffectsthebeginning.TheimpactfromS&P500toBitcoinhasanegativeeffectat
lag1andthenaslightlypositiveeffectatlag4,whiletheimpactfromDowJoneschangesinthe
oppositetrend.DowJoneshasaremarkablypositiveeffectatlag1andanegativeeffectatlag4.
NASDAQhasnosignificanteffecttoBitcoinuntillag4,atwhichtheimpactispositive.Ingeneral,
theimpacteffectfromS&P500orDowJonesisgreaterthanthatofNASDAQ.Moreover,more
attentionsshouldbepaidfortheimpactfromBitcointoS&P500andDowJones.Thevariationof
impulseresponsefromlag3tolag4hasanarrowconfidenceintervalforbothS&P500andDow
Jones,which representshigh accuracy.Therefore, someabsolute correspondencepossibly exists
betweenBitcoinandthestockmarket.

Table1recordstheresultsofthevariancedecompositionsforthefourvariables.Inthistable,
theoriginalchangeofBTiscompletelycausedbyitscontributionanditscontributiondecreases
graduallyas lagorder increases.ThegrowthofcontributionsofSP,ND,andDJ toBTstartsat
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horizon2.Intheend,thevariationsarestabilizedat0.0329%,0.1902%,and1.3667%,respectively,
whichmeansthatDJhasacomparativelyapparentandlastinginfluencetoBT,eventhoughallthe
effectsarenotstrongenough.

ForthechangeofSP,thecontributionofBT,inthebeginning,is0.0023%.Thecontribution
growsupgraduallyandthenstabilizesat0.8658%.ThecontributionsofNDandDJstarttoriseafter
horizon2andstabilizeat1.3805%and2.1870%,respectively.ItisillustratedthattheincrementofSP
ismorelikelyinfluencedbytheincrementofDJinsteadofthatofBT.Nolargedifference,however,
isamongtheeffectsofBT,ND,andDJ.For thechangeofND, thecontributionofBTinitially
is0.3888%.Itincreasesgraduallyandstabilizesat0.5013%.ThecontributionsofSPandDJrise
graduallyandstabilizeat5.0408%afterhorizon10and1.6636%afterhorizon12,respectively.This
suggeststhattheincrementofDJhasarelativelyhigherpossibilitytoinfluencetheincrementofND,
whilealltheeffectsareweak.ForthechangeofDJ,thecontributionofBToriginallyis0.4796%.It
risesgraduallyandthenstabilizesat1.3409%.ThecontributionsofSPandNDgrowupgradually

Figure 3. Results of impulse response. From the narrow confidence interval, the strong influences of S&P 500 and Dow Jones 
can be seen.
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andstabilizeat38.4736%afterhorizon12and0.8946%afterhorizon10,respectively.Itisindicated
thattheincrementofDJismuchmorelikelytobeinfluencedbytheincrementofSPsinceSPhas
strongeffectcomparedtotheeffectoftheothertwo.

Generally,fromtheaboveanalyses,itisprovedthattherelationshipbetweenBitcoinandstock
pricecertainlyexists.TheeffectofshockfromBitcoinisnotsignificantandcalmsdownquickly,
whilestockmarketindexeshaveacomparativelystronginfluenceonBitcoin.S&P500,NASDAQ
andDowJones,however,haveadifferenteffectonBitcoin’spricefluctuation.Firstofall,S&P500
stockgrowthhasacomparativelysignificantimpactonBitcoin,whiletheeffectinfluencedbyS&P
500stockindexisweak.Furthermore,stockmarket indexes influenceBitcoinafterwardandthe
patternofshockfromS&P500orDowJonesisintheopposition.

Sliding window Technique
Slidingwindowtechniqueisatechniqueforcontrollingthewindowlengthbetweentwonodes.Yagoubi
etal.(2018)provedthatthecombinationbetweentheslidingwindowandtimeseriescanpromoteto

Table 1. Variance Decomposition Results. Variance Decomposition results show us the strong influence contribution of S&P 
500 and the opposite shock from S&P 500 and Dow Jones.

Horizon BT SP ND DJ

BT 1 1 0 0 0

2 0.989973 0.000215 0.000884 0.008928

4 0.986564 0.000240 0.001448 0.011748

7 0.984173 0.000310 0.001880 0.013638

17 0.984102 0.000329 0.001902 0.013667

41 0.984102 0.000329 0.001902 0.013667

SP 1 0.000023 0.999977 0 0

2 0.001041 0.997053 0.000459 0.001446

4 0.006364 0.962605 0.013117 0.017914

7 0.008639 0.955715 0.013791 0.021855

17 0.008658 0.955667 0.013805 0.021870

41 0.008658 0.955667 0.013805 0.021870

ND 1 0.003888 0.049461 0.946651 0

2 0.004069 0.050304 0.945153 0.000474

4 0.004593 0.050400 0.929500 0.015507

7 0.004967 0.050380 0.928034 0.016619

17 0.005013 0.050408 0.927942 0.016636

41 0.005013 0.050408 0.927942 0.016636

DJ 1 0.004796 0.395261 0.005996 0.593947

2 0.006704 0.389249 0.005901 0.598146

4 0.011659 0.385034 0.008770 0.594537

7 0.013348 0.384793 0.008934 0.592926

17 0.013409 0.384736 0.008946 0.592909

41 0.013409 0.384736 0.008946 0.592909
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findhighlycorrelatedpairsoftimeseriesoverwholewindows.Asthelengthoftheslidingwindow
changes,thepredictionofthetimeseriesmodelwillchangeaccordingly.

TofurtherexploretherelationshipbetweenBitcoinandstockmarketbasedonthethreemajor
stock indexes, we lead in the sliding window technique for further study. Through the sliding
windowtechnique,thetimeseriesperiod(February2010toFebruary2018)isseparatedtoequal
unitsaccordingtodifferentscales.Everyunittogethercanconstructanewtimeseriessequence,in
whichwecalculatethemeanandstandarddeviationforeachunitandthenobtaineightvariables
forthisnewtimeseriessequence:BT_M(meanofBitcoin),BT_ST(standarddeviationofBitcoin),
SP_M(meanofS&P500),SP_ST(standarddeviationofS&P500),ND_M(meanofNASDAQ),
ND_ST(standarddeviationofNASDAQ),DJ_M(meanofDowJones),DJ_ST(standarddeviation
ofDowJones).Inourexperiment,wetestedscaleequalto3,5,7,and9andfinallyfindoutthebest
performanceappearedatascaleequalto5.

Figure4istheplotofimpulseresponsefunctionresultsonaslidingwindowwhenthescaleis
optimal.TheshockeffectfromBT_Mtoitselfindicatesthatithasaninitiallypositivestrongfluctuation
butanegativeeffectatlag2.Theshocklastsfromlag3anduntillag20itflattensaway.Theeffect
fromSP_STtoBT_Mdoesn’taffectinthebeginningandthengraduallyhasaslightpositiveeffectat
lag2.ItisworthmentioningthatthevariationofimpulseresponsecausedbySP_STtoBT_Mfrom
lag2tolag8stillhasanarrowconfidenceintervalandafterlag8theconfidenceintervalbecomes
bigger.TheeffectfromDJ_MtoBT_Malsohasanarrowconfidenceintervalfromlag1tolag5.
Afterlag5,theconfidenceintervalbecomesbigger.Allthenarrowconfidenceintervalappeared
intheimpulseresponsefromSP_STorDJ_Mmeanshighaccuracy,whichcanfurtherprovesome
strongcorrespondencebetweenBitcoinandthestockmarket.

Table2reportsthevariancedecompositionresultsperformedbyslidingwindowtechnique.Inthis
result,itsuggeststhattheoriginalchangeofBT_Misentirelyfromitscontribution.Thiscontribution
decreasesgraduallyaslagorderrises.TheincreasingvarietyofcontributionsofBT_ST,DJ_M,DJ_ST,
ND_M,ND_ST,SP_M,andSP_STtoBT_Mstartsathorizon2.Finally,thevariationsarestabilized
at5.5944%,3.1089%,2.9184%,6.3956%,0.5976%,7.6920%,and36.9920%,respectively,which
meansSP_SThasanobviousadvantageandlastinginfluenceonBT_M.ForthechangeofBT_ST,
thecontributionofBT_Mis37.5081%inthebeginning.Thecontributionrisesupgraduallyandthen
stabilizesat37.0126%.ThevariationofcontributionsofDJ_M,DJ_ST,ND_M,ND_ST,SP_M,and
SP_STtoSP_STstartsathorizon2andstabilizeat0.3363%,0.9247%,4.0973%,0.3190%,1.8231%,
and8.5421%,respectively.ThisindicatesthattheincrementofBT_STismorepossiblyinfluenced
bytheincrementofSP_ST,eventhoughalltheeffectsarenotstrongenough.

ThecontributionsofBT_MtoDJ_M,DJ_ST,ND_M,ND_ST,SP_M,andSP_STeventually
stabilizeat2.3927%,4.8372%,5.3931%,6.6659%,4.9213%,and6.5005%,respectively.Itsuggests
that thegrowthofBT_Mhasa relatively strongereffecton thegrowthofND_ST,althoughno
hugedifferenceisamongalltheeffectsofcontributions.ForthechangeofBT_STtootherstock
indexes,thecontributionsofBT_STtoDJ_M,DJ_ST,ND_M,ND_ST,SP_M,andSP_STeventually
stabilizeat0.9374%,1.2777%,3.2769%,1.6943%,3.5609%,and1.2317%,respectively,whichmeans
thegrowthofBT_SThascomparativelystrongereffecttothegrowthofSP_M,eventhoughnot
remarkableenough.

Insum,throughinvolvingslidingwindow,theimpulseresponsesignalhasbeenstrengthened
andtheinteractiverelationshipbetweenBitcoinandstockmarketindex(S&P500,NASDAQ,and
DowJonesIndustrialAverage)hasbeenfound.Firstofall,thestandarddeviationofS&P500and
themeanofDowJonesbothhavestrongcorrespondencewiththemeanofBitcoin,reviewedfromthe
narrowconfidenceintervalontheirimpulseresponse.Secondly,thegrowthofthestandarddeviation
ofS&P500hasanoutstandinglysignificanteffectonthemeanofBitcoin,whiletheinfluencescaused
bythemeanandstandarddeviationofotherindexesareweak.Moreover,thestandarddeviationof
S&P500hasarelativelysignificanteffectonthestandarddeviationofBitcoinaswell.Besides,
themeanofBitcoinhasasignificantlystrongeffectonthestandarddeviationofNASDAQandthe
meanofS&P500.
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CONCLUSION

Anin-depthexplorationandstudyonthedeterminaterelationshipontimeseriesbetweenBitcoin
andthestockmarkethavebeenconductedbyusingtheVARmodelandslidingwindowtechnology,
whichfilledupagapinthefinancialarea.SinceBitcoinandstockmarketdataarebothtime-series
data,theVARmodelisusefultoforecastingBitcoin,S&P500,NASDAQ,andDonJonesvariables.
Theimpulseresponseresultsareenhancedthroughperformingslidingwindowtechnology,which
isafavorableproofoftherelationshipbetweenBitcoinandthestockmarket.

AlthoughtheresultofimpulseresponseanalysishasshowntherelationshipbetweenBitcoin
andstockmarket,somevulnerabilitiesneedtobesolvedtooptimizetheresultinfurtherstudy.The
limitationwascausedbysampledataitself.Stockdataisusuallytrackedbyday,quarter,andsecond,
whileBitcoindatawasneverrecordedinaunitofsecond.Astheresult,wecouldn’t implement
waveletanalysisonthesetwodatasourcessimultaneouslyinamoredetailedtimeunit.

Figure 4. Results of impulse response by Sliding Window. The impulse response signal has a significant enhancement. The 
narrower confidence internal once again proves the close relationship between Bitcoin and the stock market.
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Table 2. Variance Decomposition Results by Sliding Window. The results indicate that the growth of the mean of Bitcoin has 
a strong effect on that of the standard deviation of NASDAQ and the standard deviation of Bitcoin has a strong effect on the 
mean of S&P 500 as well.

Horizon BT_M BT_ST DJ_M DJ_ST ND_M ND_ST SP_M SP_ST

BT_M

1 1 0 0 0 0 0 0 0
2 0.962996 0.003269 0.000002 0.000598 0.011454 0.003979 0.000983 0.016719
11 0.375929 0.054607 0.022330 0.025657 0.058407 0.004330 0.075286 0.383455
21 0.371889 0.055705 0.030091 0.028790 0.063724 0.005940 0.076393 0.367467
45 0.367291 0.055959 0.031022 0.029163 0.063917 0.005961 0.076881 0.369806
95 0.367010 0.055944 0.031089 0.029184 0.063956 0.005976 0.076920 0.369920
109 0.367010 0.055944 0.031089 0.029184 0.063956 0.005976 0.076920 0.369920

BT_ST

1 0.375081 0.624919 0 0 0 0 0 0
2 0.339666 0.649253 0.000001 0.003617 0.000866 0.002475 0.004006 0.000117
11 0.373838 0.476200 0.002327 0.008490 0.036798 0.002422 0.017247 0.082677
21 0.371162 0.471220 0.003140 0.009015 0.040775 0.003098 0.018006 0.083583
45 0.370184 0.469578 0.003344 0.009241 0.040952 0.003186 0.018219 0.085296
95 0.370126 0.469450 0.003363 0.009247 0.040973 0.003190 0.018231 0.085421
109 0.370126 0.469450 0.003363 0.009247 0.040973 0.003190 0.018231 0.085421

DJ_M

1 0.000712 0.001286 0.998002 0 0 0 0 0
2 0.003542 0.002152 0.970214 0.005334 0.004184 0.003313 0.007642 0.003619
11 0.011852 0.005680 0.727934 0.025789 0.025067 0.005574 0.026214 0.171890
21 0.021598 0.008778 0.677681 0.028797 0.041447 0.005795 0.033919 0.181985
45 0.023889 0.009353 0.667336 0.029244 0.042156 0.005919 0.034713 0.187389
95 0.023927 0.009374 0.666956 0.029258 0.042189 0.005921 0.034770 0.187606
109 0.023927 0.009374 0.666956 0.029258 0.042189 0.005921 0.034770 0.187606

DJ_ST

1 0.002198 0.000401 0.139889 0.857511 0 0 0 0
2 0.022453 0.004314 0.229018 0.705588 0.034759 0.000091 0.000128 0.003649
11 0.029067 0.012305 0.213574 0.431806 0.075951 0.002639 0.040564 0.194092
21 0.045443 0.012285 0.206626 0.400950 0.082996 0.003862 0.039412 0.208426
45 0.048339 0.012752 0.204472 0.396540 0.083027 0.004062 0.040948 0.209860
95 0.048372 0.012777 0.204384 0.396320 0.083049 0.004078 0.040988 0.210033
109 0.048372 0.012777 0.204384 0.396320 0.083049 0.004078 0.040988 0.210033

ND_M

1 0.003055 0.000527 0.527898 0.000042 0.468477 0 0 0
2 0.009607 0.002209 0.441075 0.017509 0.405120 0.096347 0.012349 0.015784
11 0.024200 0.026447 0.268331 0.054301 0.250147 0.071753 0.089607 0.215213
21 0.047231 0.030681 0.199927 0.062966 0.188323 0.051132 0.113375 0.306365
45 0.053756 0.032792 0.190500 0.062738 0.174595 0.045080 0.104372 0.336168
95 0.053931 0.032769 0.190115 0.062684 0.174179 0.044939 0.104271 0.337113
109 0.053931 0.032769 0.190115 0.062684 0.174179 0.044939 0.104271 0.337113

ND_ST

1 0.005265 0.014876 0.006343 0.141592 0.061754 0.770170 0 0
2 0.022001 0.014659 0.029163 0.147281 0.216833 0.526726 0.035446 0.007892
11 0.026032 0.017383 0.041608 0.080900 0.142374 0.211095 0.129873 0.350735
21 0.050040 0.019882 0.033995 0.049331 0.116719 0.095116 0.108819 0.526097
45 0.066748 0.016959 0.035920 0.040740 0.156530 0.064372 0.085883 0.532847
95 0.066659 0.016943 0.035873 0.040596 0.156483 0.063955 0.085737 0.533754
109 0.066659 0.016943 0.035873 0.040596 0.156483 0.063955 0.085737 0.533754

SP_M

1 0.006010 0.015373 0.613099 0.026716 0.066343 0.007108 0.265351 0
2 0.006216 0.016497 0.590071 0.032366 0.069295 0.018334 0.265678 0.001543
11 0.031828 0.019847 0.205162 0.031035 0.032704 0.010012 0.181949 0.487464
21 0.047055 0.033607 0.201769 0.038354 0.081129 0.011247 0.165280 0.421559
45 0.049210 0.035522 0.198147 0.038553 0.080948 0.012008 0.164683 0.420928
95 0.049213 0.035609 0.197873 0.038532 0.080950 0.012049 0.164792 0.420982
109 0.049213 0.035609 0.197873 0.038532 0.080950 0.012049 0.164792 0.420982

SP_ST

1 0.000311 0.000130 0.053706 0.105708 0.002715 0.000020 0.090084 0.747326
2 0.008821 0.001643 0.116296 0.072619 0.037331 0.000730 0.050553 0.712007
11 0.043800 0.008005 0.060978 0.043676 0.119481 0.003572 0.076583 0.643905
21 0.062861 0.011915 0.075526 0.046135 0.134021 0.005415 0.079148 0.584980
45 0.064990 0.012314 0.075330 0.047346 0.131953 0.005524 0.078977 0.583565
95 0.065005 0.012317 0.075278 0.047324 0.131894 0.005536 0.078994 0.583651
109 0.065005 0.012317 0.075278 0.047324 0.131894 0.005536 0.078994 0.583651
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Inthisarticle,wehavepointedouttherelationshipbetweenthestockmarketandBitcoinwith
advancedmethods.Astructuralvectorautoregressivemodelwasspecifiedandestablishedforthe
fourvariables:Bitcoin,S&P500,NASDAQ,DowJones.Basedonimpulseresponseanalysis,itis
summarizedthattheeffectbyBitcoinonthestockmarketisweakerthanthatbystockmarketon
Bitcoin,whileS&P500stockgrowthhasacomparativelystronginfluenceonBitcoin.Furthermore,
theapplicationofslidingwindowtechnologyfacilitatesthepromotionofimpulseresponse,which
canbeobservedgraphicallythatthegrowthofstandarddeviationofS&P500hasanremarkably
significanteffectonthemeanofBitcoin.TheVARmodelhasguidedthedirectionforfinancial
investmentbasedonstockandBitcoinfluctuations.

Ingeneral,theresearchisofgreatimportancetocommercialapplicationsforBitcoinandstock
market.ItprovidesafavorablemodelreferenceofVARmodelforinvestmentstrategiesandguides
the direction of investment diversity on the strength of impulse response analysis. Additionally,
systematicscienceofslidingwindowtechnologypromotesenforceabilityandaccuracyofbusiness
modeling.Futureresearcheffortswillfocusonmodelanalysisinamorespecializedtimeunit.By
solvingthesystematicdeficiencyofdata,amorepreciseinvestmentstrategyinaspecificperiod
couldbeachieved.
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