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Abstract

This paper aims to examine the relationship between Bitcoin and preeminent fi-
nancial indicators using Copula-GARCH method. In the study, we use closing prices
of Bitcoin and US 10-Year Bond Yield, Gold Spot US Dollar, US Dollar Index, S&P
500, FTSE 100 and NIKKEI 225. To our knowledge, our paper is the first to examine
this issue empirically. Analysis results show that there is no strong interdependence
between Bitcoin and preeminent financial indicators. These findings provide new
information that will benefit policy makers, banks, financial investors, and risk ma-
nagers in trading activities for both long-term and short-term strategies.
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Finansal Piyasalar ve Bitcoin Bagimliligi: Copula-Garch Yaklasimi

0z

Bu makale, Bitcoin ile kritik finansal gostergeler arasindaki iliskiyi Copula-GARCH
yontemini kullanarak incelemeyi amaclamaktadir. Arastirmada, Bitcoin ve ABD
10-Yillik Tahvil Verim, Altin Piyasa, ABD Dolari Endeksi, S&P 500, FTSE 100 ve NIKKEI
225'in kapanis fiyatlari kullanilmaktadir. Bildigimiz kadariyla, bu konuyu ampirik
olarak inceleyen ilk makale budur. Analiz sonuglari, Bitcoin ve énde gelen finansal
gostergeler arasinda giclu bir karsihkli bagimhhk olmadigini géstermektedir. Bu
bulgular, hem uzun vadeli hem de kisa vadeli stratejilerde alim satim faaliyetlerinde

politika yapicilara, bankalara, finansal yatirmcilara ve risk yoneticilerine fayda
saglayacak yeni bilgiler sunmaktadir.

Anahtar Kelimeler: Bitcoin; Copula-GARCH; Finansal Piyasalar.
JEL Siniflandirmasi: G1, G15, E44, C14, C22

N

K*"This article was orally presented in the 7th Multinational Energy and Value Conference
organized by OSTIM Technical University, Ankara; Center for Energy and Value Issues (CEVI),
Amsterdam and Energy Markets Research and Application Center of Hacettepe University,

\\ Ankara, on 23 - 25 May 2019, in Ankara.

/

f **Ars. Gor. Dr. | Bitlis Eren Uni., i§letme Bolimu | mustafasalimerek@gmail.com
ORCID: 0000-0001-9681-6351 | DOI: 10.36484/liberal.662625
*** Ars. Gor. | Bitlis Eren Uni., i§|etme Boluimi | binaliselmaneren@gmail.com
ORCID: 0000-0001-5136-6406 | DOI: 10.36484/liberal.662625
Liberal Dustince Dergisi, Y1l: 25, Sayi: 98, Bahar 2020, ss. 35-63.
\\ Gonderim Tarihi: 20 Aralik 2019 | Kabul Tarihi: 29 Haziran2020




36 | Mustafa Salim Erek & Binali Selman Eren

Introduction

Bitcoin is a peer-to-peer version of electronic cash (Nakamoto, 2008).
Classified as cryptocurrency, Bitcoin has become popular in recent years.
The currency can be said to have an intriguing logic (Eyal and Sirer, 2014).
Although the Bitcoin world is prospering, there are several threats for users
with regard to legal status and possible government sanctions (Grinberg,
2012). Despite having detractors, Bitcoin achieved an important role (Barber
at al,, 2012) and became a unique type of asset class in the financial markets
within the last five years.

Rather than being issued by central organization such as a government
or bank, it is completely reliant on cryptography, and the whole process of
minting, storing and transfer is carried out by network of users (Ron and
Shamir, 2013). Bitcoin was not created or controlled by a central organization,
but by process called “mining”, one of the key concepts in Bitcoin world.
Valid transactions are compiled in blocks, then these and previously accepted
blocks are added to the ledger. All transactions must take place in the network,
called blockchain, thus preventing users from double spending (O’'Dwyer and
Malone, 2014).

A major problem with Bitcoin is the possibility of double-spending (Garay
et al,, 2015), and therefore delayed payment verification is required (Karame
et al.,, 2012). To avoid the double spending problem, the system depends on
digital signatures to confirm ownership, and a public history of transactions
(Reid and Harrigan, 2013).

There are some important general assumptions with regard to Bitcoin, such
as stakeholders must accept the rules and validity of transactions, and most
importantly, it must be confirmed that Bitcoin has a value (Kroll et al., 2013).

Bitcoin is represented by a series of signals called transaction, which
have several inputs and outputs (Bonneau et al., 2015) and established on
a transaction registry dispersed across all participants (B6hme et al., 2015).
Hence, this is a Proof-of-Work-based currency, in that users themselves can
create crypto coin, requiring a heavy computational burden.

In this paper, we used the copula approach to describe the dependence
structure of variables of interest. Sklar (1959) first introduced the
copula theory to allow flexible description of the dependence between
variables. Nelsen (1999) provided a thorough description of copulas from
a mathematic perspective. The copula function is powerful since it states
that the multivariate distribution function can be decomposed into marginal
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variables, and a density function copula, which completely describes the
dependence framework of the variables. Embrechts et al. (2002) first employed
the copula in the area of finance, and since has been widely applied in
the field of financial risk management and portfolio decision problems.
Cherubini et al. (2004) made a seminal contribution to the advent of pricing
multivariate option by using copula. Mitchell et al. (2006) proposed Copula-
GARCH models, which introduced the dynamic copula period. Patton (20006)
reviewed the application of copula in financial time series. Bollersev (2009)
supplied references, leading to the extensive list of ARCH acronyms used
in the literature. Mitchell and McKenzie (2003) established model selection
criteria with the ability to correctly identify the data generating process in
simulated data. Brooks and Burke (2003) reproduced a group of appropriately
adjusted information criteria for selection of models from the AR-GARCH
family. Du and Lai (2017) examine the dependence between electricity spot
markets in core European countries including France, Germany, Austria and
Switzerland based on copula models. Of the ten different copulas with both
time invariant and varying parameters currently in use, the empirical results
show that time-varying Student-t copula is the best model for the sample data
Albulescu et. al. (2018) explores the bivariate dependence structure between
the US Dollar and four major currencies (EUR, GBP, CAD, JPY) using daily
data for the time-span 1999-2014, and utilize different time-invariant and
time-varying copula functions with different forms of tail dependence, and
find a positive dependence between all exchange rates.

We also investigated the volatility effect US 10-Year Bond Yield, Gold
Spot US Dollar, US Dollar Index, S&P 500, FTSE 100 and NIKKEI 225 stock
indices. Volatility of each stock market are modeled based on the multivariate
GARCH(p,q), EGARCH, GJR- GARCH, PGARCH, and CGARCH models. We
employ a two-step Copula-GARCH model to examine the dependence structure
of daily stock markets returns. Firstly, we filter log-return daily data using
univariate EGARCH, GJR-GARCH and PGARCH models to obtain standard
residuals and construct the marginal distributions. Secondly, copulas are
selected to join the estimated marginal distributions. The Akaike information
criteria (AIC) and Schwartz information criteria (SIC) methods are then used
to determine which copula provides best fitness to the market data.

Although many empirical studies have been conducted in the literature
about Bitcoin, these studies are mostly based on Bitcoin price estimation,
(Munim et al, 2019; McNally et al.,, 2018; Pant et al, 2018; Azari, 2019;
Urquhart, 2017), return and volatility analysis (Dyhrberg, 2016; Katsiampa,
2017; Symitsi ve Chalvatzis, 2018; Ardia et al,, 2019; Balcilar et al.,, 2017;
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Lahmiri et al,, 2018; Chaim ve Laurini, 2018; Katsiampa, 2018) and its use as
a hedging instrument against other financial assets. (Dyhrberg, 2016; Bouri
et al, 2017a; Bouri et al., 2017b; Urquhart ve Zhang, 2019; Pal ve Mitra, 2019;
Wu et al,, 2019). This study aims to eliminate uncertainty in the market as the
first study that analyzes both volatility and dependency between bitcoin and
leading financial markets. We aim to provide better insights of the volatility
of Bitcoin returns, its dependence structures to financial markets in recent
years. This paper will be a deeper extension to current literature in Bitcoin
volatility modeling and forecasting with the financial time series GARCH
model and different variations.

The main research theme of this study is to select a model capable of
supporting our efforts to determine whether there is a connection between
Bitcoin and preeminent financial markets. Employing such a model will
provide an opportunity to reduce market uncertainty, and hence make a
modest contribution to the current literature.

The structure of this paper is as follows. The second section presents
literature review. The third and fourth sections discusses the model and the
data, consecutively. In the fifth section, the empirical results are analysed.
The last section provides final remarks.

Literature Review

After its creation, much research followed on Bitcoin, generally conducted in
the context of conceptual explanations, the introduction of cryptocurrency and
the relationship between general economic indicators. In a study by Yermack
(2015), Bitcoin was reviewed in terms of historical trading prices and it was
described as acting more as an investment instrument than a currency, a
finding supported by a similar study by Baur et al. (2015). Wijk (2013) used
a statistical tool to establish a relationship between Bitcoin and the world’s
largest stock market indices (FTSE 100, Dow Jones, Nikkei 225), Dollar/Euro,
Dollar/Yen and oil, to detect the short and long term effects of indicators on
Bitcoin, and found that WTI oil price and Dollar/Euro exchange rates have
long-term effects, and the Dow Jones index has short-term effect. Dyhrberg
(2016a) studied the financial asset properties of Bitcoin by using the GARCH
model. The author considered Bitcoin as a method of hedging, similar to gold
or the dollar, and used the FTSE index, Dollar / Euro, Dollar / Pound exchange
rate and federal fund rates to explain price volatility. In study by Dyhrberg
(2016b), the asymmetric GARCH model was used to investigate the ability
of Bitcoin to protect investors against market volatility and proposed that
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Bitcoin could be used as a hedging tool against the US dollar in the short
term, and against stocks in the FTSE index in the long term. Georgoula et al.
(2015) attempted to identify the determinants of Bitcoin price, conducting a
time series and sensitivity analysis which explored the short and long term
relationships between Bitcoin price, basic economic variables, technological
factors and tweets. Gronwald (2014) conducted a deeper analysis of Bitcoin
price and behaviour using GARCH model to capture the more serious price
movements that caused market shocks, showing that the model is very
suitable for their proposed purpose and that the excessive price movements
characterize the Bitcoin price. In a study by Bouri et al. (2016), a Dynamic
Conditional Correlation Model was used to determine whether Bitcoin acted
as a hedging tool and safe haven for large world stock indices, treasuries, oil,
gold, general commodity index and US dollar index. The results demonstrate
that Bitcoin is a weak protection tool, suitable only for diversification.
However, it was found to have strong potential as a safe haven in one particular
context, that is, against extreme weekly movements on Asian equities. Baek
and Elbeck (2015) attempted to model the Bitcoin price using the S&P 500
index, the consumer price index, the Euro exchange rate and other economic
indicators, but none of these economic variables were shown to affect the
price. The authors reached the conclusion that Bitcoin is a purely speculative
vehicle, with prices driven by investor intuition. Cheah and Fry (2015) pointed
out that Bitcoin prices contain a substantial speculative component, and that
Bitcoin markets are susceptible to bubbles. Examining the market efficiency
of Bitcoin, Urquhart (2016) concluded that it does not currently have full
efficiency, although further investigation found recent progress towards an
efficient market. In another study, Urquhart (2017) reviewed Bitcoin price
clustering, and found significant evidence of clustering at round numbers.
A study by Nadarajah and Chu (2017) found that efficient market hypotheses
are not valid for Bitcoin returns. Bariviera (2017) noted that daily returns
exhibit persistent behaviour until 2014, after which the market became
more informative. Katsiampa (2017), in the study of the volatility of Bitcoin
returns, highlighted the importance of the AR-CGARCH model as the most
appropriate for the inclusion of a long-running component of the short-term
and conditional variance. Bouri et al. (2017) investigated the relationship
between uncertainty and the Bitcoin market, revealing that Bitcoin acted
as a hedge against uncertainty, a result echoed in a recent study by Demir
et al. (2018). Yonghong et al. (2018) investigate time-dependent long-term
memory in the Bitcoin market by using a rolling window approach and a
new productivity index. Baur et al. (2018) find that Bitcoin exhibits distinctly
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different return, volatility and correlation characteristics compared to other
assets, including gold and US dollars. Holub and Johnson (2018) emphasizes
that peer-to-peer (P2P) exchange plays an important role in global Bitcoin
trade, while Dastgir et al. (2018) examines the causal relationship between
Bitcoin (measured by Google Trends search queries) and Bitcoin returns in
the period between January 2013 and December 2017.

Model specification and estimation

Copula Functions

The copula function is proposed to measure dependence of multivariate
variables. Based on Sklar’s well-known theorem (Sklar 1959), copulas allow
the implementation of the division of the specification of a multivariate model
into two parts: the marginal distributions on one side, the dependence structure
(copula) on the other. Let X and Y be random variables with continuous
distribution functions F. v and FY , which are uniformly distributed on the

interval [0,1]. Then, there is a copula such that forall x,y e R ,

FXY(X’Y):C(FX(X)’FY(Y) (D

The copula (C for ( X ,Y) is the joint distribution function for the pair

F, (X ) F, (Y) provided [ and F; continuous.

The joint probability density of the variables X and Yis

o%C(u,v)
obtained from the copula density (y,v)=—-2-2, as follows:
Oudv
So(x,3)=cu,v) f,(X) f,(»), 2

where f.(X) and fy(y) are the marginal densities of the random
variables X and Y. According to Sklar (1959), an n-dimensional joint
distribution can be decomposed into its n-univariate marginal distributions
and an n-dimensional copula. In the extension of Sklar’s theorem to continuous
conditional distributions, Patton (2006) shows that the lower (left) and upper
(right) tail dependence of two random variables is given for the copula as:
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A = uli_n)io PEc(x)<u|Fy(x)<u)= uli_r)no C(u,u)/u (3)
A, = ulii)an(Fx(x) >u| Fy(x) >u) = ulii)nll—Zu —C(u,u)/l—u 4)

where /’Ll and 2, €[0,1].

Copula Models

We introduce several copula models in this section (Nelsen, R. B. 1999);
Gumbel copula, Clayton copula, Frank copula, Gaussian copula Student t
copula, Suvival Clayton Copula and Joe copula.

Gumbel Copula: This gArchimedean copula is defined based on the generator
function ¢(¢) =(~Int) ,0=1;

Cy(u,v) = exp([(~Inu)’ +(~Inv)']") (5)

where is the copula parameter restricted to. This copula is asymmetric,
with more weight in the right tail. In addition, it is an extreme value copula.

Clayton Copula: This Archimedean copula is defined based on the generator
t0-1
0

function @(¢) =

C,(u,v)= (u’g +y -1). (6)

where 6 is the copula parameter restricted to (0,o0). This copula is also
asymmetric, but with more weight in the left tail.

Frank Copula: This Archimedean copula is defined based on the generator

function: ¢(t) :—ln%;
| e _1)(e
C, () =—n 1+% @)

where @ is the copula parameter restricted to (0, OO) .
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Gaussian copula: The copula function can be written as:

7w p () 1 2prs —1° —5°
C drd.
wvipy=[ [ Py CXP( 20= 57 j rds (8)

where u=F,(y,), v="F,(y,) is the inverse of the standard normal
distribution and p is the general correlation coefficient..

Student-t copula: The Student’s-t copula allows for joint fat tails and an
increased probability of joint extreme events compared with the Gaussian
copula. This copula can be written as:

f, (u) f, (v) 1 {H x2 —2pxy+y dsdt 9)

5 ~(v+2)/2
21(1- p%) }

where p,y parameters of the t copula.

Joe Copula: This Archimedean copula is defined with based on the
generator function: ¢(l‘) =—In[1-(1-1)"]

C, (u,v)=1-[(1-u)" +(1-v)’ = (1-u)’(1-v)’1" (10)
where @) is the copula parameter restricted to[1,0) .

The BB8 (Frank-Joe): Copula is

1
Cluy,u, ,0,0)= (1— - 1_(115)9 (1—(1—5141)9)(]—(1—5142)9)]5) (11)

with @ e[l,0) "6 e (0,1].

Marginal Modelling

In order to build the model for bivariate distribution with the copula, the
marginal distribution for the series must initially be formed. There are
various models for commonly accepted financial time series returns. Engle
and Bollerslev (1986) and Engle and Kroner (1995) propose ARCH and GARCH
model, which have been widely applied to financial series. In their extensive
review, Poon and Granger (2003) consider that important methodological
viewpoints needed to be discussed, particularly regarding the evaluation of
forecasts and classified volatility forecasts as belonging in one of the four
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categories. There are a number of GARCH models; in this study, we combine
ARMA (m,n) and GARCH (p,q), EGARCH, GJR-GARCH (p,q), PGARCH and
CGARCH models for modeling daily financial returns, respectively. These
models’ specifications are as follows:

n
1=
rt—w0+21au +Z,Bu (13)
_ d |”t—i| I &
log(rt)—w0+ 2 o +2 7 + 2 B log(u,_:) (14)
=t 0= ro.ooj=1 7 J
—i i

r:w+§ﬂ~r -+§au2 +Z;/u2 (15)

t 0i=1”_l .=1]t] jl][]

5

7 —w0+2al<|et 7€) +Zﬂjr,1 (16)

i=1

where m,n,p, q are positive integers ,u; = I]t\/7 , N i f (0 1)
respectively /1 (9, parameters of (AR) and (MA), Wo,ﬂ,,a i,V and o

are ARCH(p,q), GARCH (1,1), EGARCH, GJR-GARCH (p,q) and PGARCH

model parameters.

Data

Daily Bitcoin (BTC) prices covers the period 07.08.2015-19.09.2018 and were
downloaded from www.coinmarketcap.com. For consistency, we eliminated
weekend data due to the lack of corresponding data from other datasets.
Bloomberg was the source of the other data (US 10-Year Bond Yield, Gold
Spot US Dollar, US Dollar Index, S&P 500, FTSE 100 and NIKKEI 225).
The observations, in total 787, reflect the daily prices between 07.08.2015-
19.09.2018. Table 1 summarizes statistics of financial series and summarizes
statistics of returns series, while Table 2 shows sizeable differences in the
mean values for the seven markets, and also in the corresponding standard
deviations. Skewness of returns out of Gold Spot is negative, indicating that
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financial returns are skewed left, i.e. that the left tail is longer relative to
the right. Gold Spot is skewed right. The high kurtosis of returns reveals
that extreme value changes often occur when the tail of return distributions
shows fatness. The Jarque-Bera (JB) test shows that the normality of each
return series distribution is strongly rejected at 0.05 level, which means
all price index distributions are non-normal. Finally, the Autoregressive
Conditional Heteroscedasticity -Lagrange Multiplier (ARCH-LM) test
indicates that strong ARCH effects exist in all financial return series.
Graphical representations of the data employed are shown in Figures 1-7.

Table 1. Summary Statistics (Price Series)

USs10- TS
Year Gold FTISE NIKKEI
BTC Dollar S&P 500
Bond Spot 100 225
Index
Yield
Mean 3424655 2272382 1242523 9572571 6967637 1949177 2351210
Median 1058840 2273000 1234350 9342000 7176330 1941537 2347833
Mlax 19118.30 3,115000 1364900 1032900 7877430 2412415 2514040
Min 210,0700 1.,358000 1.050800 8850000 5,336970 1595202 1.829080
Std. Dev. 3993 569 0422652 0074587 3247193 0577587 2300957 0291264
Skewness =
1.388055 -0.700688 0054261 -0504242 0086467 0224957
0.000340
Kurtosis 4398057 2211989 2759570 2587043 1,890323 1.881396 1.79912%
Jarqure
5 3164092 20336352 6620939 5970654 7362128 41935866 5385794
era
Probability  0.000000 0000038 0000000 0040523  0,000000 0000001 0000000
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Table 2. Summary Statistics of return series

uD

Year Gold FISE NIKKEI
Bitcoin Dollar S&P 500
Bond Spot 100 225
Index
Yield
-4 65e-
Mean 0,003986 0000443 0000127 050 0000111 0000170 0000428
]
] -7.66e-
Median 0,004305  0,000426 s 0,000000 0000323 0000000 0000493
5
Max 0223513 0107081 0045568 0021577 0035150 0074262 0.038291
Min -0202077 -0,110214 ) -0.024185 -0,047795 -0,082529 -0.041843
0.033752
Std. Dev 0.046821 0019463 00082536 0004446 0009078 0013106 0008120
Skewness -0.133615 -0,092512 0234740 -0152676 -0155529 -0215980 -0.699039
Kurtosis 7066050 5649610 6177275 5253610 5895575 9778923 7334931
5 5430948 2307464 3374024 1691675 2774030 1509175 6842597
era

Probability  0,00000 0,000000 0000000 0000000 0000000 0000000 0000000
ARCHIM 3704137 2869334  2.603280 6,049454 112,1329 1833321  B86.78615
Probability  0,00000 0,00000 01066 0,0139 000000 000000 000000




46 | Mustafa Salim Erek & Binali Selman Eren

20000

ams e 2017 e 2015 016 017 012

Figure 1. Change over years of BTC series and BTC return series
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Figure 2. Change over years of US10-Year Bond Yield series and US10-Year
Bond Yield return series
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Figure 3. Change over years of Gold Spot series and Gold Spot return series
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Figure 4. Change over years of US Dollar Index series and US Dollar Index
return series
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Figure 5. Change over years of FTSE 100 series and FTSE 100 Index return
series
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return series



48 | Mustafa Salim Erek & Binali Selman Eren

0 &
s :]

i
{14
254 o
o

z4
o 1
224 -
-3

z0
] k.\ i
1= i ]

W I I 5 1 I I W 1 1 L] LA | I W
i} frand [ @7 e EHAS o 2 AT frug )

Figure 7. Change over years of S&P 500 series and S&P 500 Index return series

Empirical Results

Results of marginal distributions

We used the ARMA, GARCH, EGARCH, GJR-GARCH, PGARCH and CGARCH
models for financial return series, and selected the most suitable model
based on AIC and SIC model selection criteria. All the parameters estimate of
marginal distributions are included in Table 3 and Table 4, which summarize
the best fit model for all marginal distributions employed: the best models for
the marginal; BTC, US 10-Year Bond Yield, Gold Spot, US Dollar Index, FTSE
100, Nikkei 225 and S&P 500 ARMA (0,0)-EGARCH(1,1,1) ARMA (3,4)- GJR-
GARCH, ARMA (2,2)-CGARCH, ARMA (3,4)- GJR-GARCH, ARMA (4,0)- GJR-
GARCH, ARMA (3,3)- CGARCH and ARMA (2,2)- PGARCH respectively. Based
on the obtained results, Bitcoin and SP500 is modelled used PGARCH. In the
PARCH model, from equation (17), ¢ and 7 parameters represent the power
parameter of standard deviation and the asymmetric effect, respectively.
From Table 4, for BTC 7 parameter is negative and for SP500 7 parameter is
positive. US 10-Year Bond Yield, US Dollar Index and FTSE 100 are modelled
via GJR- GARCH model. This model shows that good news and bad news
might have different effects on volatility. The leverage effect is obtained as
(@+7 of negative shocks which is larger than (@)of positive shocks. In
this model, if” ~ ", the leverage effect exists. As can be seen from Table 4,
for US 10-Year Bond Yield, US Dollar Index and FTSE 100, 7 parameter is
positive, namely, this series has leverage effect and Gold Spot and Nikkei 225
are modelled via CGARCH. For US 10-Year Bond Yield, US Dollar Index, FTSE
100, Nikkei 225 and S&P 500, the results of ARCH-LM test show that neither
autocorrelation nor ARCH effects exist in the residuals; however, for Bitcoin
and Gold Spot series, it is seen that the variance problem and the ARCH effect
are not completely removed (figure-8).w
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Table 3. Mean Equation for marginal distribution model of financial series

US10- s
Baceis [T (G e e (NIEKEL e

Bond Spot Index 100 225

Yield
Nean
il 34 23 34 5 33 23
2 : _0.99609 -006296 -039664 -00008 -117431 0012023
re . 0985021 -096117 0380491 -0.03956 0588045 0925081
7 : 0984231 - 0981819 0006898 0779244 -
2, : . . " 010636 - :
6, : 0954115 0034028 0418426 - 1157923 -0.01662
6. . 1101899 0954018 -039702 - 066248 -0.98338
6. : 095503 - 100615 - 083443 -
6, . 001993 - 001526 - " :
AIC 327465 -5.04828 -632842 -798112 -655623 -58264 -6.78597
SIC 326277 -499484 -62928 -792768 -65206 -57789 -6.75034
HQIC  -327008 -502774 -631473 -7.96058 -654253 -5.80814 -6.77227

Table 4. Variance Equation for marginal distribution model of financial series

USI0- Us
Variance Biteoin Year Gold Dollar FISE NIKK S&P
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Results for the copula models

The empirical distribution functions used in modelling the dependence of
BTC-US10-Year Bond Yield, BTC-Gold Spot, BTC-US Dollar Index, BTC-FTSE
100, BTC-NIKKEI 225, BTC-S&P 500 pairs are as shown in figure 9, 10, 11,
12, 13 and 14, respectively. We used Clayton, Gumbel Frank, Joe, Gaussian,
Student-t, BB8, Survival BB8 and Rotated Tawn Type BB8 270 Degrees copula
family. In table 5, it is observed that the relationship between BTC and US
Dollar Index is negative, the relationship between BTC and US10 Year Bond
Yield, Gold Spot is weak in the positive direction, and the relationship between
BTC and FTSE100, Nikkei 225, S&P500 is in the? strong positive direction.
From table 5, it is clear that the BB8, Survival BB8, Frank and Rotated Tawn
Type BB8 270 Degrees copula performs best for the pairs BTC- US10-Year
Bond Yield, BTC-Nikkei 225, BTC-Gold Spot, BTC-FTSE 100, BTC-S&P 500
and BTC- US Dollar Index, according to the AIC, and BIC criteria, respectively.
In table 5, the calculated tail dependence values for the pairs BTC- US10-Year
Bond Yield, BTC-Nikkei 225, BTC-Gold Spot, BTC-FTSE 100, BTC-S&P 500
and BTC- US Dollar Index, when 4, =0, A - 0, symmetric tail dependency
is observed in the tail of these pairs. The graphical representations of BTC
and used pairs with their three and two dimensional empirical distribution
functions are given in figures 10-14, while Clayton, Gumbel Frank, Joe,
Gaussian, Student-t, BB8, Survival BB8 and Rotated Tawn Type BB8 270
Degrees copula scatter graphs are shown in figures 15-20, respectively.
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Figure 9. For BTC-US10-Year Bond Yield pair three and two dimensional empirical
distribution function, respectively

Figure 10. For BTC-Gold Spot pair three and two dimensional empirical
distribution function, respectively

Figure 11. For BTC-US Dollar Index pair three and two dimensional empirical
distribution function, respectively



54 | Mustafa Salim Erek & Binali Selman Eren

Figure 12. For BTC-FTSE 100 pair three and two dimensional empirical distri-
bution function, respectively

Figure 13. For BTC-NIKKEI 225pair three and two dimensional empirical
distribution function, respectively

Figure 14. For BTC- S&P 500 pair three and two dimensional empirical
distribution function, respectively
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Table 5. Estimates for the copula models
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Figure 15. For BTC-US10-Year Bond Yield pairs Clayton, Gumbel, Frank, Joe,
Gaussian, Student-t, BB8 and Survival BB8 copula scatter graph, respectively.
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Figure 16. For BTC-Gold Spot pairs Clayton, Gumbel, Frank, Joe, Gaussian,
Student-t, BB8 and Survival BB8 copula scatter graph, respectively.

Figure 17. For BTC-US Dollar Index pairs Frank, Gaussian, Student-t and
Rotated Tawn Type BB8 270 degrees copula scatter graph, respectively.

Figure 18. For BTC-FTSE 100 pairs Clayton, Gumbel, Frank, Joe, Gaussian,
Student-t, BB8 and Survival BB8 copula scatter graph, respectively.
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Figure 19. For BTC-NIKKEI 225 pairs Clayton, Gumbel, Frank, Joe, Gaussian,
Student-t, BB8 and Survival BB8 copula scatter graph, respectively.

Figure 20. For BTC-S&P 500 pairs Clayton, Gumbel, Frank, Joe, Gaussian,
Student-t, BB8 and Survival BB8 copula scatter graph, respectively.
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Interpretation of Findings

In this study, Copula-Garch model was used to measure the relationship
between Bitcoin and various preeminent indicators. Firstly, Bitcoin and
various preeminent indicators were modelled by CGARCH, GJR- GARCH
and PGARCH models, which take into account asymmetric effect. It can
therefore be clearly said that negative conditions are more effective than
positive conditions on serial volatility. In the next stage, the relationship
between Bitcoin and various preeminent indicators were modelled by copula,
a nonparametric method. We showed that the relationship between BTC and
various preeminent indicators is negative, weak positive, and strong positive
(Table 5). BTC- US10-Year Bond Yield, BTC-Nikkei 225 pairs were modelled
by BB8 copula, and BTC-FTSE 100, BTC-S&P 500 pairs were modelled by
Frank copula, BTC-Gold Spot pairs were modelled by Survival BB8 (180
Degrees) copula, and BTC-US Dollar Index pairs were modelled by Rotated
Tawn Type BB8 270 Degrees copula. The tails of these pairs show that the
Frank copula has zero tail dependence, therefore, BTC-Gold Spot pairs have
symmetric tail dependence. The BTC-FTSE 100, BTC-NIKKEI 225, BTC-S&P
500 pairs have upper tail dependency, and BTC-S&P 500 pair has greater
upper tail dependency than BTC-FTSE 100 and BTC-NIKKEI 225. Closer
linear relationships were found between BTC-FTSE 100, BTC-NIKKEI 225,
BTC-S&P 500 when compared to BTC- US10-Year Bond Yield, BTC-Gold Spot,
BTC-US Dollar Index.

Conclusions

Bitcoin, created by a person or group under the pseudonym Nakamoto (2008),
in 2009, reached its maximum price on 17 December 2017, at US$19.780. It
is now traded in over 8000 markets, and by 03 January 2018, its total market
value surpassed 180 billion dollars. Increasing market share, increasing price
and high volatility make Bitcoin appealing for individual users, investors
and economists alike. Our analysis supports the findings of Baek and Elbeck
(2015) that there is no strong dependence between Bitcoin and other financial
indicators. It was observed that Bitcoin’s relationship with the Gold Index
was much weaker than with other indicators (table 5), supporting the view
that Bitcoin is generally regarded as currency rather than an investment tool.

National regulations on Bitcoin differ widely across countries. For
example, it is prohibited in Bolivia, and its use is officially restricted in China.
In contrast, in Israel, it is subject to the same taxation rules as the local
currency and Venezuela has started to initiate a cryptocurrency with the aim
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of completely replacing the traditional currency. Institutions such as the IMF,
World Bank and the central banks were conceived of to exert economic control
through traditional forms of money. However, expected improvements in
cryptocurrency systems, and their increasing use globally in the near future
will allow the general public to play a more active role in the economic
system. Many investment institutions currently avoid cryptocurrencies, but
others are in the process of investing in the cryptocurrency business; Goldman
Sachs is setting up trading centre for cryptocurrencies, while Chicago Board
of Exchange is running Bitcoin Futures. Nevertheless, it should also be noted
that, after the entrance of CBOE into Bitcoin Future Market, the Bitcoin price
reached a peak, but started to fall dramatically as soon as expectations were
fulfilled (Hale et. al., 2018).

In the current situation, it would seem irrational to use Bitcoin as a hedging
instrument due to its highly volatile nature. Nevertheless, leading players
in the international financial markets are beginning to seriously consider
Bitcoin and other cryptocurrencies as a portfolio item and a device to decrease
transaction costs. However, its future role is unclear, and will depend on both
its movements, and also on the attitude and approaches of governments.
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