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ANMHAMUWYECKUM YCAOBHO-KOPPEAAIIMOHHBIN AHAAU3
OVHAHCOBOTO PACITIPOCTPAHEHUWS: BYAYHIEE EBPOAOAAAPA
N BUTKOMNH HA ®OPEKC-PBIHKAX
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B nmaHHO# cTaThe paccMaTpUBAIOTCS M3MEHSIOUIMECS! BO BPEMEHH YCIIOBHBIE KOPPEISIIUHA MEXIY OYIyIIHM PHIHKOM
eBpozouIapa u cembio Dopekc-prIHKaMU OMTKOMHA. ABTOP NPUMEHSIET ABYMEPHYIO TMHAMHYECKYIO YCIOBHYIO KOppe-
nsinronHyto Moziens DCC-GARCH, utoOs! 3aMKcnpoBaTh MOTEHIUAIBHbBIE 3P (EKTh (PHHAHCOBOTO PacipoCTPaHCHUS
MeX Ty 3TUMH pbiHKaMu B 2017-2019 rT. OMnmpudeckne pe3ybTaThl 3a HCCIISTyeMBIN IIEPHOT ITOKAa3bIBAIOT (PHHAHCOBOE
pacIpocTpaHeHNe B OTHOIIEHUH CEMH IBYMEPHBIX MOJIEIIEH 1 MOTEHIIMATbHbBIC KAHAIIBI ITEPEladll BOJIATHIIEHOCTH MEXTY
PBIHKaMH, YTO UMEET pelIaromiee 3Ha4eHNe IS TUPEKTUBHBIX OPraHOB, KOTOPBIC 00ECIICUNBAIOT PETYINPOBAHHE BhIIIIC-
yKa3aHHBIX PBIHKOB ITPOM3BOIHBIX (PHHAHCOBBIX HHCTPYMEHTOB.

Knroueswvie cnosa: monens DCC-GARCH; ®opekc-peIHKH; OUTKOWH; PBIHOK €BpoaoIIiapa; kKoddduuueHt hpuHaHCco-
BOTO PACcIpOCTPAaHEHHs; TMHAMUYECKH YCIIOBHASI KOUHTET P,

brazooaprocms. ABTOp BBIpakaeT O1aroNapHOCTh PEIICH3EHTAM 32 UX KOMMCHTAPUH U MPEJIOKCHUS, KOTOPBIC T0-
MOTJIH YITyYIIUTh CTaThi0. OTBETCTBEHHOCTH 32 BOSMOXKHBIC OIIMOKH, JOMYIICHHBIC B PE3yJIbTaTe UCCIICIOBAHUS, HECET
aBTOp CTaThH.

DYNAMIC CONDITIONAL CORRELATION ANALYSIS OF FINANCIAL
CONTAGION: EURODOLLAR FUTURE AND FOREX BITCOIN MARKETS
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This paper examines the time-varying conditional correlations between eurodollar future market and seven Forex
bitcoin markets. We apply a bivariate dynamic conditional correlation DCC-GARCH model in order to capture potential
contagion effects between the markets for the period 2017-2019. Empirical results reveal contagion during the under
investigation period regarding the seven bivariate model, showing potential volatility transmission channels among the
markets. Findings have crucial implications for policymakers, who provide regulations for the above derivative markets.
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Introduction

This paper investigates the potential volatility spillover and contagion effects of eurodollar future market
and seven Forex bitcoin markets. By employing a bivariate DCC-GARCH model, we show significant volati-
lity spillover effects. Moreover, we use the definition of contagion suggested by Forbes and Rigobon' accor-
ding to [1]. Dynamic conditional correlations reveal contagion effects in sub-periods between eurodollar future
market and the seven Forex bitcoin markets.

The motivation for this paper is analysed as follows. In the literature, this is the first empirical research
exploring the potential conditional second moments of the distribution between eurodollar future market and
the seven Forex bitcoin markets [2—4]. Second, we provide new evidence to financial market theory regarding
the potential contagion effects between eurodollar future market and the seven Forex bitcoin markets. Third,
we use data for Forex bitcoin markets from 2017, when first appeared in datastream database.

There are some empirical studies exploring the conditional volatility of bitcoin market [5—9]. In addition,
many researchers support the use of bitcoin market as a speculative market [2; 10—12]. In the literature, there are
studies investigating the volatility spillover effects between bitcoin market and different financial markets [7; 9;
13—18]. Moreover, some empirical studies have investigated the effects of future bitcoin markets [11; 19; 20]
and the effects between different future and financial markets [21-23]. In this paper, we provide evidence of
potential spillovers between markets unexplored before.

The paper is organised as follows. Section two shows the methodology and data. Section three provides the
empirical results. The last section of the paper concludes.

Methodolody and data

In the first stage, we filter our linear structure of the returns series and decouple of from the conditional
variance by employing the VAR model. We generate the daily logarithmic returns.

n
Y, =Y+ ZOCS’?-S +¢,,with r=1,...,T and ¢, :\/h_,ut,
s=1

where r,__ is the 2x1 column vector of future and Forex markets, y and o are respectively, a 2x1 vector and
2x2 matrices of parameters and €, are 2x1 vectors of innovations. The lag length is choses by information
criteria’. u, is standardised errors, 4, is conditional variance depending on /, and €, for each market lagged one
period, generated by the univariate GARCH(1,1) model [24]:

h =w+oge’ +bh,_|,

where o is constant, a and b are ARCH and GARCH effects.

Next, we use the R. F. Engle as written in [25] representation of the bivariate GARCH model in order to
estimate the bivariate conditional variance matrix (#, is NxN matrix, with N the number of markets, i =1, ..., N)
as follows:

I—It:DthDt

where D, is the conditional variance matrix given by

1 1
17" NNy

where R, is the condition correlation matrix of Nx N dimension and defined as follows:

1 1 1 1
- — Ji 2 .2 ; 2 42
R =(pu)= dlag(q“’t--- qNN’tJQ,dlag[q“’,--- qNN,[),
where the Nx N symmetric positive definite matrix Q, = (ql.[’ t) is given by

Qz = (1 - B)Q + 0w, ut/—l + BQI—I’

where O is the NxN unconditional variance matrix of u, and « and P are non-negative scalar parameters,
satisfying oo + B < 1.

'They defined contagion as a significant increase in cross-market linkages after a shock.
*The VAR order length is selected by the final predicted error and the Akaike criterion. The results are available upon request.
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We use daily data for eurodollar future market (CME-EURO_GLOBEX CONT. - SETT. PRICE) and
seven Forex bitcoin markets (USD/BITCOIN, EUR/BITCOIN, NZD/BITCOIN, AUD/BITCOIN, CAD/BIT-
COIN, CHE/BITCOIN, JPY/BITCOIN). We downloaded data from datastream database. We set the period
from 18 December 2017 to 20 May 2019 (371 observations) and use the market returns generated by the
equation 7, = log( p,)— log( p,_l), where p, is the price of future market on day ¢ and p, , is the price of future
market on day 1.

In table 1 we see the summary statistics for the market returns. CME-EURO_GLOBEX CONT. - SETT.
PRICE exhibits the highest mean value (—6,4221e-005). Based on the highest maximum (0,178 18), the min-
imum (—0,13549) and the highest standard deviation (0,037 612) values, EUR/BITCOIN presents the largest
fluctuations among all the markets. Additionally, all market returns are negatively skewed, except the case of
EUR/BITCOIN. Furthermore, we observe that all market returns show excess kurtosis. In addition, Jarque —
Bera statistic results indicate the rejection of the null hypothesis of normality for all market returns except the
cases of SGX-KRW/USD CONT.AVG - SETT. PRICE and DGCX-EUR/USD CONTINUOUS AVG. - SETT.
PRICE. ADF (Dickey and Fuller 1979) test results reject the null hypotheses of unit root at 1 % level, showing
that the daily market returns appropriate for further testing.

Figure 1 graphs the logarithmic returns for CME-EURO_GLOBEX CONT. - SETT. PRICE, USD/BIT-
COIN, EUR/BITCOIN, NZD/BITCOIN, AUD/BITCOIN, CAD/BITCOIN, CHF/BITCOIN and JPY/BIT-
COIN. Based on the virtual observation of the graph, we see time varying levels of fluctuations, indicating the
presence of heteroskedasticity and appropriate the use of DCC-GARCH model.

Empirical results

In this section, we present the empirical results generated by the bivariate DCC-GARCH model. Sub-section
«Results of the univariate GARCH(1,1) model» shows the results of the univariate GARCH model while in sub-
section «Results of the bivariate DCC-GARCH(1,1) model, diagnostic tests and selected information criteria», we
analyse the results of the multivariate DCC-GARCH model. In sub-section «Analysis of the dynamic conditional
correlations», we report an analysis of the generated dynamic conditional correlations (DCC).

Results of the univariate GARCH(1,1) model. Table 2 shows the estimated values for univariate
GARCH(1,1) model. Empirical results report statistically significant ® for CME-EURO GLOBEX CONT. -

_SETT. PRICE and EUR/BITCOIN. Moreover, ARCH (a) and GARCH (b) terms are highly significant
for all the markets returns.

In figure 2, we observe the behaviour of conditional variances for CME-EURO GLOBEX CONT. -
SETT. PRICE, USD/BITCOIN, EUR/BITCOIN, NZD/BITCOIN, AUD/BITCOIN, CAD/BITCOIN, CHF/
BITCOIN and JPY/BITCOIN. We see strongly volatile conditional variances for all the market returns over
time. Additionally, results indicate a common movement of conditional volatilities.

Results of the bivariate DCC-GARCH(1,1) model, diagnostic tests and selected information criteria.
Table 3 presents the results of the bivariate DCC model estimations. the estimated average correlations are
statistically significant for the pairs of markets: CME-EURO GLOBEX CONT. - SETT. PRICE — NZD/
BITCOIN and CME-EURO_GLOBEX CONT. - SETT. PRICE — CHF/BITCOIN. We see statistically
significant B-parameters, indicating strong GARCH effects for the pairs of markets: CME-EURO GLOBEX
CONT._- SETT. PRICE — USD/BITCOIN, CME-EURO GLOBEX CONT. - SETT. PRICE — NZD/
BITCOIN and CME-

EURO_GLOBEX CONT. - SETT. PRICE — CAD/BITCOIN. Additionally, we provide the estimates of
the degrees of freedom and of the log-likelihood.

In table 4 we report the results of diagnostic tests and information criteria. x*(4) statistic results suggest that
the null hypothesis of no spillovers is rejected at 1 % significance level. Ljuing — Box test results [26-27] pro-
vide evidence of no serial autocorrelation, suggesting the absence of misspecification errors of the estimated
multivariate GARCH model. Moreover, the estimated AIC and SIC information criteria are presented.

Figure 3 plots the conditional covariances for all the pairs of market returns during the whole period. We
observe for all the conditional covariances a tremble trend. Additionally, conditional covariances seem to be
extreme volatile.

Analysis of the dynamic conditional correlations. Table 4 shows the descriptive statistics of the dynamic
conditional correlations of the seven pairs of markets. We observe the highest mean value (0,659 38) is for the
pair of markets CME-EURO _GLOBEX CONT. - SETT. PRICE — NZD/BITCOIN. The highest standard
deviation value for the pair of markets CME-EURO_GLOBEX CONT. - SETT. PRICE — CHF/BITCOIN
indicates that the specific DCC experiences larger flunctuations. The statistical significant skewness, excess
kyrtosis and the Jarque — Bera test statistics indicate that the DCCs for all the pairs of markets are not normally
distributed.
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Fig. 1. Actual series of the logarithmic returns of the markets
Source: Datastream® Database
0.010
0.08
72}
Q
2
&
—
<
>
s 0.006
2
=
ks
=
3
@]
0.004 -
0.002
_ kel JUVL !
I Vg o \c{ A =, |
1 . . k"T-\:\‘$\‘"".\""\-“N.-‘..ﬁ‘;ﬂ-’w.-\;“-""EI‘T""'\-" S R \.k"'(""""’-‘1-\'.,—-.‘:-\N\L.”Q"-LI
0 2018 2019
Year
— CondVar_ CME-EURO_GLOBEX_CONT. - SETT._PRICE —— CondVar_USD/BITCOIN
—— CondVar_EUR/BITCOIN ---- CondVar_NZD/BITCOIN
----CondVar_AUD/BITCOIN ---- CondVar_CAD/BITCOIN
—— CondVar_CHF/BITCOIN CondVar_JPY/BITCOIN

Fig. 2. Conditional variances of the univariate GARCH(1,1) model
Source: Datastream® Database
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Figure 4 shows the pair-wise DCCs. DCCs present positive values in sub-periods, supporting the existence
of contagion, implying the specific correlations risky for any investor. Additionally, we can notice the effects
of major economic events on the DCC graphs as we see that the lines are bouncing above and beyond and are
extreme volatile for some pairs of markets.

Conclusions

This paper investigates the potential volatility spillovers effects and the existence of contagion effects among
eurodollar future market and seven Forex bitcoin markets by employing a bivariate DCC-GARCH model. We
set the under investigation period from 2017 until 2019. To the best of our knowledge, this is the first empirical
study, investigating volatility spillovers between eurodollar future market and five Forex bitcoin markets.

The main empirical results are summarised as follows. Based on the descriptive statistics, EUR/BITCOIN
returns presents the largest fluctuations compared to the rest markets. Furthermore, results of bivariate DCC-
GARCH models indicate strong evidence of volatility spillover effects. DCCs analysis shows evidence of
strong co-movements for some pairs of markets. Additionally, DCCs reveal contagion for some pairs of
markets in sub-periods. The empirical results are of interest to policymakers, who provide regulations for the
under investigation derivative markets as well as to market-makers.
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