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A B S T R A C T

We analyse the relationship between the price volatility of a broad range of cryptocurrencies and
that of implied volatility of both United States and European financial markets as measured by
the VIX and VSTOXX respectively. Overall, our results indicate the existence of time-varying
positive interrelationships between the conditional correlations of cryptocurrencies and financial
market stress. Further, these correlations are found to increase substantially during periods of
high financial market stress, indicating that the contagion of significant financial market fear
influences these new financial products.

1. Introduction

The interactions between cryptocurrencies and broader financial market products has been a source of significant debate during
the speculative product’s short existence. While Corbet et al. (2019f) have provided a concise systematic review of the literature
associated with cryptocurrency markets at large, they note the broad variety in research that provides evidence outlining im-
provements in the market efficiency of cryptocurrencies. Tiwari et al. (2018) identify significant periods of pricing inefficiency during
the life of Bitcoin, echoing the results provided by Urquhart (2016), Nadarajah and Chu (2017) and Bariviera (2017) who found,
using a Hurst exponent calculated during overlapping sliding windows, that the daily return time series become more efficient across
time and that the daily volatility exhibits long-range memory during the sample period of investigation. Brauneis and Mestel (2018)
found that the pricing efficiency of Bitcoin is positively related to liquidity. Urquhart (2017) found evidence of clustering at round
numbers, with over 10% of prices ending with 00 decimals, but no significant pattern of returns after the round number.

Further, Corbet et al. (2018c) found evidence of the relative isolation of cryptocurrencies from the traditional financial and
economic assets, presenting evidence of the diversification benefits for investors with short investment horizons. Baur et al. (2018)
identify that statistically Bitcoin is not a hybrid of both a commodity and fiat currency, and that the returns, volatility and correlation
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characteristics of Bitcoin are distinctively different compared to gold and the US dollar. Dyhrberg (2016) found several similarities
between Bitcoin, gold and the dollar indicating hedging capabilities and advantages as a medium of exchange. There has also been
increased attention paid on the interactions between cryptocurrencies and other financial market products such as futures markets.
Corbet et al. (2018a) found that the introduction of Bitcoin futures actually generated a destabilising mechanism which increased the
volatility of the cryptocurrency.1 All of this research has developed while in the background, market integrity has been challenged by
questions surrounding regulatory ambiguity (Fry, 2018; Corbet et al., 2019e), and exceptional levels of both complex and uncomplex
fraud (Gandal et al., 2018; Corbet et al., 2019a).

Overall, we build upon the previous literature by showing that cryptocurrencies present evidence of substantial volatility during
periods of time where investor’s ‘fear’ is elevated. We find that not only has cryptocurrency volatility shown evidence of correlation
with volatility products during such elevated implied volatility events with such comovement representing a strong signal of shared
contagion (Forbes and Rigobon, 2002), but cryptocurrencies present evidence of strong increases in volatility during the highest
deciles that incorporate the largest levels of forward looking fear in both the United States and Europe respectively.

2. Data and methodology

In this study, we use dollar-denominated cryptocurrency close-price data at thirty-minute intervals from the Bitfinex exchange.
The exchange was selected due to it’s long-standing international reputation, but also due to the exchange’s continued top-rank by
normalised trading volume throughout the investigated period. We obtain the price data from the Kaiko digital asset store. Our
dataset entails the period from midnight on 22 June 2017 through midnight on the 24 June 2018, which represents a period
incorporating 17,472 observations. Fig. 1 shows the volatility signature plot which provides the average of three realized volatility
estimators at 5-, 10-, 15-, 30-, and 60-minute sampling frequencies (see Sevi, 2014 for further details). As it is clear from the figure,
for almost all of the coins, these three measures decrease with the increasing frequency. Together with this fact, we observe from
Table 1 that the percentage of the number of missing values to the number of whole points decreases with the increasing frequency.
Hence, we choose 30 min interval as to have a low percentage of missing values and at the same time as to have an enough number of
observations to draw meaningful conclusions from our analysis.

The use of high-frequency data enables a thorough analysis of volatility dynamics between our selected twenty-two crypto-
currencies sorted by largest market capitalisation and liquidity.2 Our selected volatility indices include the VIX (CBOE-traded) and
VSTOXX (DAX-traded), denoting measures of United States and European financial market risk respectively. Both represent real-time
options prices and are both designed to reflect the market expectations near-term through long-term volatility by measuring the
square root of the implied variance across all options of a given time to expiration. Interactions between such forward-looking
implied volatility measures and cryptocurrencies would represent an interesting development. Our thirty-minute returns are cal-
culated as:

=r r r(ln ln )x100t m t m t m, , , 1 (1)

where rt,m is the return for minute m on trading day t. Time periods with no trading activity are determined to be best represented by
the last traded price. To analyse the dynamic correlations between our selected cryptocurrencies and both the VIX and VSTOXX, we
employ a standard GARCH (1,1) methodology of Bollerslev (1986) and extract dynamic conditional correlations (of Engle, 2002) that
takes the form:
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where kt, bt and vt are the returns of the investigated cryptocurrency, Bitcoin and VIX/VSTOXX at time t respectively. σ, η and γ
represent the effects of lagged returns of each selected variable on the returns of the cryptocurrency’s thirty-minute price volatility.
The variance equation includes the long-term average volatility α0. We explore the dynamic co-movements via the dynamic con-
ditional correlations of Engle (2002). The GARCH (1,1) specification requires that in the conditional variance equation, parameters
α0, α1 and β should be positive for a non-negativity condition and the sum of α1 and β should be less than one to secure the covariance
stationarity of the conditional variance. Moreover, the sum of the coefficients α1 and β must be less than or equal to unity for stability
to hold.

Next, we sub-divide both the VIX and VSTOXX respectively into deciles based on the calculated thirty-minute volatility. For

1 Further, much literature has focused on key questions, such as whether Bitcoin is a currency or speculative asset (Corbet et al., 2019d), the
dynamics of pricing volatility (Katsiampa et al., 2019; Corbet and Katsiampa, 2019), as to whether there exist pricing inefficiencies (Sensoy, 2019;
Mensi et al., 2019; Corbet et al., 2019b), whether Bitcoin is in isolation from other traded assets (Corbet et al., 2018c; 2019c), the development of
derivative products (Corbet et al., 2018a; Akyildirim et al., 2019), and as to whether there is pricing bubbles in these new markets (Corbet et al.,
2018b).

2 Our selected cryptocurrencies include Aventus (AVT), Bitcoin Cash (BCH), Bitcoin (BTC), Bitcoin Gold (BTG), Datum (DAT), Dash (DSH), Eidoo
(EDO), EOS (EOS), Ethereum (ETH), Metaverse ETP (ETP), Iota (IOT), Litecoin (LTC), NEO (NEO), OmiseGO (OMG), QASH (QSH), Qtum (QTM),
Recovery Right Tokens (RRT), Santiment Network Token (SAN), Monero (XMR), Ripple (XRP), YOYOW (YYW) and Zcash (ZEC) respectively.
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example, decile one represents the lowest calculated volatility estimates while decile ten represents the largest. The deciles are
presented in Fig. 2 with the performance of both the VIX and VSTOXX. Specification tests found that the GARCH (1,1) model served
as the best fitting to estimate cryptocurrency volatility dynamics. It is also necessary to mitigate both international effects and
sectoral effects which can be completed through the inclusion of the returns of traditional financial products and key cryptocurrency
returns in the mean equation of the GARCH(1,1) methodology. The volatility sourced in shocks that are incorporated in the returns of
these markets are therefore considered in the volatility estimation of the selected structure. Dummy variables are used in the variance
equation denoted as unity when the decile of VIX and VSTOXX volatility has been identified and zero otherwise. The lagged cryp-
tocurrency returns for the eight following thirty-minute period were found to provide explanatory significance and are therefore
included in the mean equation. The GARCH (1,1) methodology used in this study has the following form:

= + + + + + +
=
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Fig. 1. Volatility signature plot for the included cryptocurrencies. Note: The above figures present the volatility signature plot for the included
cryptocurrencies realised volatility, bipower variation and median realised estimators. AEoRM stands for the average estimate of realized measure.

Table 1
Percentage of the number of missing values to the number of all points in the chosen period of study.

AVT BCH BTC BTG DAT DSH EDO EOS ETH ETP IOT

1 min 83.09 10.01 4.25 32.56 58.52 35.00 68.89 11.49 1.94 51.69 7.98
5 min 57.07 1.17 3.42 6.88 27.45 6.21 35.08 1.53 1.05 19.67 1.04
10 min 43.39 0.81 2.79 2.51 15.78 1.83 21.59 0.85 1.00 10.48 0.81
15 min 35.79 0.77 2.33 1.42 10.49 0.96 14.85 0.75 0.96 6.82 0.78
30 min 23.66 0.73 1.40 0.73 4.36 0.62 7.05 0.67 0.91 2.90 0.74
60 min 13.07 0.66 0.76 0.53 1.96 0.51 2.95 0.60 0.82 1.21 0.66

LTC NEO OMG QSH QTM RRT SAN XMR XRP YYW ZEC
1 min 7.71 17.76 20.85 73.15 59.52 85.57 53.58 32.66 9.48 71.29 32.88
5 min 0.91 2.09 3.53 46.00 27.37 62.52 19.77 5.97 1.33 43.28 5.31
10 min 0.71 0.91 1.62 32.36 15.37 48.90 9.48 2.06 0.79 29.78 1.70
15 min 0.68 0.78 1.24 24.66 10.10 40.43 5.51 1.22 0.74 22.41 0.94
30 min 0.64 0.71 1.02 13.36 4.24 25.99 1.85 0.80 0.67 12.34 0.66
60 min 0.58 0.64 0.91 5.59 1.82 14.04 0.76 0.67 0.60 5.47 0.55
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Rt j represents the lagged value of the selected cryptocurrency returns, j number of thirty-minute periods before Rt is observed.
b2BTCt represents the interaction between the selected cryptocurrency returns and Bitcoin with the exception of the methodology
based on Bitcoin returns, while b3Vt represents the value of the VIX (or VSTOXX) in the thirty minute period that the estimate Rt was
observed. Finally, b4ETHt and b5LTC represent the relationship between the investigated cryptocurrency returns and the returns of
both ETH and LTC respectively with the exception of the methodologies that are specific to both. = Di v1

10 is included in the variance
equation to provide a coefficient relating the included ten dummy variables to the decile of volatility within which each of the thirty-
minute cryptocurrency observations fall as denoted in Fig. 2. Bollerslev (1986) argued for restrictions on the parameters for posi-
tivity, ω> 0, α≥ 0 and β≥ 0, and the wide-sense stationarity condition, + < 1. While the GARCH (1,1) process is uniquely
stationary if + <E log[ ( )] 0,t

2 Bollerslev (1986) also proved that if the fourth order moment exists, then the model can handle
leptokurtosis. Bonferroni adjusted results are presented in this analysis. To cater the multiple hypothesis problem, we adjust the
significance level using the Bonferroni correction, which leads to a significance level of 0.1%. The generalised Bonferroni method
adjusts the significance level such that hypothesis = …H i s, 1, , ,i0,( ) is deemed rejected if and only if:

p k s^ · / .i i( ) ( )

This procedure has the advantage of being robust to the dependence structure of the hypothesis tests.

3. Empirical results

The segregation of both the VIX and VSTOXX into deciles to be used in this analysis is presented in Fig. 2. It is evident that in
January 2018, a strong stock market correction in the United States generated a sharp, but temporary increase in both metrics
measuring implied volatility. The Dow Jones posted it’s worst weekly returns since early 2016 dropping almost 6%. Figs. 3 and 4
present evidence of the dynamic correlations between our selected cryptocurrencies and the VIX and VSTOXX respectively.
Throughout all the analysed relationships, we observe a number of sharp increases and declines in correlations in the period sur-
rounding the January 2018 stock market correction. These changes follow substantial evidence of minimal correlations in the period
prior to January 2018. It is of interest that analysed cryptocurrencies appear to respond in a variety of different ways, however, in the
period between January 2018 and June 2018, there is evidence of substantially elevated correlations between cryptocurrencies and
stock market implied volatility.

Further, Tables 2 and 3 present evidence of the volatility changes of our selected cryptocurrencies during the denoted deciles of
both the VIX and VSTOXX respectively. The selected GARCH-specification presents strong positive correlations between the included
cryptocurrencies, however, little or no correlations with the VIX and VSTOXX when calculated during the entire period of in-
vestigation. With regards to the VIX, we identify significant elevations in volatility at higher deciles in the markets for AVT, BCH,
BTC, DAT, EOS, LTC, QTM, RRT and ZEC. The European measure of implied volatility, or VSTOXX, presents evidence of substantially
elevated cryptocurrency volatility in higher deciles for the markets for BCH, BTC, BTG, DAT, EDO, EOS, ETH, ETP, LTC, SAN and
YYM. The lowest deciles of implied volatility are found to present little or no significant volatility transition throughout our selected

Fig. 2. VIX and VSTOXX price performance. Note: The above figures presents the price performance and time-denoted deciles for both the VIX and
VSTOXX between June 2017 and June 2018.
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Fig. 3. Dynamic correlations between selected cryptocurrencies and the VIX. Note: The presented analysis was conducted using 30 minute data
between midnight on 22 June 2017 and 11:30 pm on 23 June 2018. Further cryptocurrency results are available from the authors on request.

Fig. 4. Dynamic correlations between selected cryptocurrencies and the VSTOXX. Note: The presented analysis was conducted using 30 minute data
between midnight on 22 June 2017 and 11:30 pm on 23 June 2018. Further cryptocurrency results are available from the authors on request.
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methodologies and financial market products. While much research identifies the lack of correlations between cryptocurrencies and
traditional financial markets as a desirable feature when seeking alternative investment vehicles in an attempt to increase portfolio
diversification. However, the above research presents evidence that such added diversification might not exist during periods of stock
market turmoil that results in elevated levels of implied stock market volatility as measured by the VIX and VSTOXX respectively. In
periods of extreme volatility, there is evidence to suggest that not only do cryptocurrencies experience sharp increases in volatility,
but also significant elevation in the correlations of their returns although temporary. Further, this evidence supports the continued
development of cryptocurrencies as a growing and viable financial market asset class due to its shared characteristics with common
products such as stocks, currencies, bonds and commodities.

4. Concluding comments

Our research indicates that cryptocurrencies are found to present evidence of increased volatility during periods of time where
investors’ ‘fear’ is elevated. We find that not only has cryptocurrency volatility presented evidence of substantial correlations with
volatility products such as the VIX and VSTOXX during such elevated implied volatility events, but cryptocurrencies themselves
present evidence of strong increases in GARCH-calculated volatility during the highest deciles of stock market implied volatility,
incorporating the largest levels of forward looking fear in both the United States and Europe respectively. While there exists con-
flicting evidence with regards to the interactions between cryptocurrencies and a number of international financial market products,
using high frequency data across a range of liquid, highly-capitalised cryptocurrencies, we identify that there exists evidence sup-
porting the influence of option denoted implied volatility on the price volatility of this new financial product.
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