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Abstract. This study explores the stylized facts, volatility clustering, other highly irregular behaviour,
and risk measures of cryptocurrencies returns. By analysing bitcoin, ripple, and ethereum daily data
we establish evidence of strong dependencies among analysed cryptocurrencies. This paper provides
new insights about cryptocurrency behaviour and the main measures of risk and detailed compara-
tive analysis with tech-stocks. Comprehensive research on stylized facts confirmed high risk for both
cryptocurrencies and tech-stocks with cryptocurrencies being even riskier. Empirical research find-
ings are useful in developing dependence and risk strategies for investment and hedging purposes,
especially during more volatile periods in the markets as there was confirmed existence of volatility
clusters when high volatility periods are followed by low volatility periods. Sensitivity analysis and
measures of Value-at-Risk (VaR) and Expected Shortfall (ES) show the amount of losses investors
can expect in the worst case scenario. Our results confirm the existence of predictability, volatility
clustering, and possibilities for arbitrage opportunities. Findings could be beneficial for investors
and policymakers as well as for scientific purposes as findings give us a better understanding of the
behaviour of cryptocurrencies.

Keywords: cryptocurrency, risk measures, volatility clustering, stylized facts, value-at-risk, ex-
pected shortfall.

JEL Classification: G1, G12, G17.

Introduction

Cryptocurrencies have attracted enormous attention from investors, regulators, and the me-
dia since bitcoin was introduced in 2008. The cryptocurrency market is expanding extremely
fast however still there are many topics underexplored academically. Novel empirical research
concludes that the best-known bitcoin cryptocurrency acts more like a financial asset than a
currency but has attractive features as a medium of exchange, as well (Katsiampa et al., 2022).
There is no doubt that bitcoin represents a unique financial instrument having its advantages
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and disadvantages (Polasik et al., 2016). Cryptocurrencies differ in their functionality and
mainly they can be used as a medium of exchange which allows investors and speculators to
include cryptocurrencies in their investment portfolios. There are extensive studies on how bit-
coin and other cryptocurrencies can be used in a diversified portfolio as a hedge against losses
(Salisu et al., 2019; Fakhfekh & Jeribi, 2019). However, what remains a sore point of analysis is
the question of how risky are cryptocurrencies and whether could we predict the volatility of
cryptocurrency returns to be prepared to take action before big volatility periods.

Wang et al. (2022) studies asymmetric contagion effects between stock and cryptocurrency
markets. Le et al. (2021) uncover that the connectedness among green bonds, fintech, and cryp-
tocurrencies is very high. Symitsi and Chalvatzis (2019) employ an asymmetric multivariate VAR-
GARCH model to study spillover effects between Bitcoin and energy and technology companies.
Empirical researches make clear that financial markets are extensively analyzed and compared
with the cryptocurrency market. However, scientific literature has not yet covered the comparison
between one of the most popular cryptocurrencies and tech-stocks by performing stylized facts
analysis covering the evaluation of risk measures, and volatility dynamics of returns.

Even though research about Bitcoin is evolving, the existing literature lacks any test about
volatility clustering and periods of large, recurrent arbitrage opportunities occurring in high-
intensity periods. This paper provides a systematic review of the empirical literature based
on the major topics that have been associated with the market for cryptocurrencies. Evalua-
tion of stylized facts, volatility, and risk remains the key point for a better understanding of
cryptocurrencies and their behavior. Our results indicate the existence of similar behavior
between cryptocurrency and tech-stock markets. Both markets are sensitive to shocks and are
considered to be risky with cryptocurrencies being even riskier. However, it does not appear
that those markets are correlated. These results suggest bitcoin may offer diversification ben-
efits for investors against technology sector risk. Research gives relevant insights for investors
as it explores measures of risk which have to be considered before investing. For scientists,
our results give a better understanding of cryptocurrency behavior in the cryptocurrency
adoption phase as it’s still a very new and growing asset class.

This paper explores stylized facts of different functionality cryptocurrencies, naming bitcoin,
ethereum and ripple, compares them with tech-stocks, and gives significant contributions. First,
we started our analysis with a systematic analysis of scientific literature. We gave a detailed com-
parative analysis of information and evaluated descriptive statistics. We explored stylized facts
such as autocorrelation, volatility clustering, normality, and outliers, measured extreme values
and tails dependency, calculated correlation coefficients over time, cross-correlations with differ-
ent lags, and rolling correlations through all the periods between different cryptocurrency pairs.
We evaluated the similarity between tech-stocks and cryptocurrencies using rolling correlations.
Finally, we estimated Value-at-Risk (Var) and Expected Shortfall (ES) with historical, modified,
and gaussian methods for both cryptocurrencies and tech-stocks. We checked the accuracy of
modeling using a back-testing technique. Logical analysis is used to summarize the results.

The paper is organized as follows. Section 1 is devoted to the scientific literature review.
Section 2 sets out the methodology and describes the data. Section 3 interprets the results of
cryptocurrency stylized facts analysis, extensive correlation analysis, and sensitivity analysis
of VaR and ES risk measures. Backtesting is used to evaluate the accuracy of modeling. Sec-
tion 3 provides a comparison with tech-stocks and tech-stocks sensitivity analysis. The last
section gives conclusions and points out the main findings.
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1. Literature review

Risk and volatility are usually associated with the efficiency of the market. As cryptocur-
rencies are considered to be the riskiest financial instrument, scientists usually explore the
efficiency of the cryptocurrency market (Makarov & Schoar, 2020; Tran & Leirvik, 2020;
Urquhart, 2017). Efficiency topic leads to arbitrage which was particularly precisely analysed
by Chaim and Laurini (2019), Elendner et al. (2016), Ji et al. (2019), and Sifat et al. (2019).
All these papers demonstrate that the cryptocurrency market is a developing market with
arbitrage potential as prices are inefficient. More specific actual and not potential arbitrage
analysis was done by Bruzgé and Sapkauskiené (2022) who gave valuable insights into arbi-
trage topic. Scientists explored high frequency unique arbitrage data in thirteen cryptocur-
rency exchanges and found that investors can mitigate their trading risks by knowing which
exchanges are attractive for arbitrage trading. However, high frequency trading comes with
additional risks which have to be taken into account before investing. There are different
high frequency trading (HFT) strategies which were analyzed and tested by Vaitonis and
Masteika (2021) who created the testing method for the automated HFT strategies and con-
firmed that daily closing price statistical arbitrage strategies can be effectively applied in HFT.
Moreover, cryptocurrency market is unique as cryptocurrencies are connected to Bitcoin
and there exists long-term memory dependency on Bitcoin. Jiang et al. (2018) offered a new
efficiency index with a rolling window used for testing the existence of long-term memory
in the Bitcoin market. The results support other scientists’ findings that the bitcoin market
is inefficient (Bariviera, 2017; Chuen et al., 2018; Corbet et al., 2018). Also, a time-varying
approach used by Jiang et al. (2022) makes an advantage when used for tracking the dynamic
efficiency. One of the main reasons why efficiency is not maintained is the lack of reasonable
pricing mechanisms and irrational behavior of investors. An effective market cannot have
any mispricing. If there exists any possibility for mispricing it leads to arbitrage that increases
investors’ interest and leads to stronger deviations, uncertainty, and volatility. Makarov and
Schoar (2020) performed extensive research on bitcoin arbitrage topics and found that bit-
coin experiences big recurring deviations in prices across different exchanges. Another find-
ing is that price deviations usually exist among countries or regions but not within the same
country. Price differences between geographical regions were confirmed by other scientists,
as well (Omane-Adjepong et al., 2019; Thaqeb & Algharabali, 2019). Cryptocurrency markets
exhibit periods of large, recurrent arbitrage opportunities across exchanges due to the high
volatility associated with risk.

Bitcoin becomes not just attractive for arbitrage but also could work well as a diversifier
for hedging speculators” investments. Comprehensive research on extreme values was made
by Borri (2019) who explored conditional tail-risk and found that idiosyncratic risk can
be reduced, and portfolios of cryptocurrencies could offer attractive returns and hedging
properties when included in investors’ portfolios. Also, Gkillas and Katsiampa (2018) by
investigating the extreme value theory analyzed the behavior of the returns of the five larg-
est cryptocurrencies and found that bitcoin cash has the highest potential for gain and loss.
Canh et al. (2019) as well as Beneki et al. (2019) dived deeper into the volatility topic and
explored systematic risk and found that volatility spillovers exist with strong positive cor-
relations among cryptocurrencies which offers diversification benefits and hedging abilities
within the cryptocurrency market itself. As research by Makrichoriti and Moratis’s (2016)
show Bitcoin is fully independent of external factors coming from the capital, bond, and
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commodity market. Those results lead to the conclusion that cryptocurrencies can be used
as hedging. Evidence by Corbet et al. (2018) further justifies bitcoin as a potential risk factor
in the maximization of returns of conventional financial assets. It means that by including
bitcoin investors not only can hedge their investment portfolio but also maximize the returns.
Salisu et al. (2019) claim that bitcoin price exhibits such predictive powers that investors
and policymakers can exploit such information when making future decisions which may
minimize risks and uncertainties associated with financial assets.

Risks were precisely analyzed in the scientific literature by evaluating such risk measures
as Value-at-Risk (VaR) and Expected Shortfall (Hrytsiuk et al., 2019; Likitratcharoen et al.,
2018; Pele & Mazurencu-Marinescu-Pele, 2019; Trucios et al., 2019). Besides the function
of risk evaluation these measures of risk increase the accuracy of forecasting (Jiang et al.,
2022; Gorgen et al., 2022; Miiller et al., 2022). Jiang et al. (2022) used a method capturing
the stylized facts and found that including analysis of stylized facts in the analysis is useful
for capturing sudden changes in the density of cryptocurrency returns. Miiller et al. (2022)
suggested that the main driver for the returns of cryptocurrencies is the conditional standard
deviation and not the distribution of the error term. Gorgen et al. (2022) compared VaR with
random forest and showed that the random forest method significantly improves the fore-
casting performance and helps more clearly to access risks of cryptocurrencies that are prone
to speculation and hypes and have the most active users. Furthemore, empirical findings by
Qian et al. (2022) showed that bitcoin’s price is affected by different volatility regimes. In our
paper, by taking into the account the main risk measures and stylized facts we will broaden
the existing research by exploring the volatility clusters.

Due to technological nature bitcoin and other cryptocurrencies are usually compared with
tech-stocks. Chu et al. (2021) explored bitcoin comparing it which tech-stocks and found that
individuals see bitcoin more as an investment than a technology. Abakah et al. (2023) explored
bitcoin and artificial intelligence stocks and found that portfolio investors can benefit by includ-
ing these assets in their diversified portfolios. Wang et al. (2022) found dependences between
stock and cryptocurrency markets and their results help to predict the development trend of
the high-tech industry. In this paper, we compare bitcoin with tech-stocks by extending existing
research from an individual perspective to the research on volatility topic.

Literature analysis showed that cryptocurrency market is inefficient compared with gold and
stock markets. Stronger deviations, uncertainty, and volatility are the results of the irrational be-
havior of investors. This confirms the need for scientists to fill the research gap and give a better
understanding of cryptocurrencies. Literature analysis shows that cryptocurrencies offer diversi-
fication benefits and can work as a hedge in the investment portfolio. Scientific research explores
volatility clustering and seasonal patterns in the cryptocurrency market, however, still there is
a lack of empirical research which performs sensitivity analysis of both cryptocurrencies and
tech-stocks and gives valuable insights into the volatility clustering and the risk in these markets.

2. Methodology
2.1. Data

In this study, we analyze daily closing data for the 3 cryptocurrencies bitcoin, ripple and ethe-
reum. Cryptocurrencies have different functionality which is why it is interesting to compare
how they react to each other and to external factors. Bitcoin is a purely peer-to-peer version of
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decentralized digital currency, while ethereum is used for smart contracts functionality and ripple
is the first global real-time gross settlement network (RTGS) which enables banks to send real-
time international payments across networks. Data for each cryptocurrency is taken from the
earliest date publicly available online at https://coinmarketcap.com. Data used for bitcoin starts
from 2013-04-29, for ethereum starts from 2013-08-04 and for ripple starts from 2015-08-08. All
cryptocurrencies have data until 2021-12-31. All figures and tables in our empirical research are
created by authors using the data we have, R programming language and Microsoft Excel.

2.2. Methods

The empirical analysis is based on daily returns, calculated as the difference in the log of
prices. For each cryptocurrency, daily returns were computed by

f =1og(i}<100, (1)
P
with P, being the closing on day t.

We explored stylized facts such as outliers, autocorrelation, volatility clustering and nor-
mality.

In first step, we excluded the biggest outlier for each cryptocurrency to give more reason-
able results.

We tested the normality of cryptocurrency returns using the Jarque-Bera and Shapiro-
Wilk tests. The Jarque-Bera test is based on skewness and kurtosis and is defined as:

2
_ﬂ 2 (K_S)
]B—6 S +—4 , (2)

where S, K, and N represent the skewness, the kurtosis, and the sample size. The Shapiro-

Wilk test is defined as: 2
n
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where X, are the ordered random sample values, X is sample mean, a; is constants that
derived generated from the means, variances and covariances of the order statistics of a
sample of size n from a normal distribution. When the p-value is less than or equal to 0.05,
the test rejects the normality hypothesis.

Autocorrelation analysis provides information about the presence of a significant periodic
component in the data set. The correlation between returns separated by t periods is evalu-
ated by the autocorrelation of a set of n observations with lag t:

SW = (3)

n—t n
—

Py = Z(rt —7)(@+T —7)/2(1} —7)2 , T>0, (4)

t=1 t=1

where 7 the sample mean of all n observations, p indicates that the sample statistic estimates
a correlation parameter p of a stochastic process when the data come from a stationary process.
The two subscripts T and r respectively state the lag and the series that provide the estimates.
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The Ljung-Box statistic shows the existence of significant first-order autocorrelation in
the residuals. In general, the Ljung-Box test is defined as:

m 22

an(n+2)z il (5)

k=1”_k

where 7, is the estimated autocorrelation of the series at lag k, and m is the number of lags
being tested.

If p-value of the test is less than 0.05 with 95 percent confidence level we can reject the
null hypothesis of the test, that the model does not exhibit lack of fit, and conclude that the
data values are dependent which means that returns data is suitable for ARCH modelling.
The ARCH-LM test is a Lagrange multiplier test to evaluate the importance of autoregressive
conditional heteroskedastic (ARCH) effects.

We evaluated correlation, cross-correlation and rolling correlation coefficients. Correla-
tion measures the degree to which two variables move in relation to each other. Cross-corre-
lation show the similarities in the movement of two factors over time and rolling correlations
are simply applying a correlation between two time series over time.

After comprehensive data analysis, we performed sensitivity analysis, measured Value-at-risk
(VaR) and Expected Shortfall (ES) on year by year basis in 2016-2021 and back-tested results.

Sensitivity analysis of the cryptocurrency returns started from an interpretation of sum-
mary statistics and evaluation of its historical changes. Estimation of two major tail risk
measures Value-at-Risk (VaR) and Expected Shortfall (ES) give a good understanding of the
risk of cryptocurrency returns. VaR is a function of two parameters: the time horizon (n
days) and the confidence level (a%). It is the loss level over N days that has a probability of
only (100-a) % of being exceeded. The most simple way to define VaR, according to McNeil
et al. (2015) is to imagine, that the VaR of our portfolio at the confidence level a € (0, 1) is
given by the smallest number 1 such that the probability that the loss L exceeds 1 is no larger
than (1 - a). It is defined as given in (6) formula:

VaR, =inf{leR:P(L>1)<1-af=inf{leR:F,(I)>a}. (6)

The historical method of VaR is a non-parametric VaR estimation method using the his-
torical distribution and the probability quantile of the distribution. The return at the correct
quantile (usually 95% or 99%), is the non-parametric VaR estimate. This method assumes
that all possible future variations have been experienced in the past and that the historically
simulated distribution is identical to the return’s distribution over the forward-looking risk
horizon.

Modified VaR measure incorporates skewness and kurtosis via an analytical estimation
using a Cornish Fisher (a special case of a Taylor) expansion. The resulting measure is re-
ferred to variously as “Cornish Fisher VaR”.

According to Artzner et al. (1999), the expected shortfall is the conditional expectation of
loss given that the loss is beyond the VaR level. Yamai and Yoshiba (2005) define the expected
shortfall as given in (7) formula:

ES, (X)=E|X|X 2 VaR, (X), 7)

where X is a random variable denoting the loss of a given portfolio.
The expected shortfall indicates the average loss when the loss exceeds the VaR level.
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Back-testing is the practice of evaluating risk measurement procedures by comparing
ex-ante estimates/forecasts of risk measures with ex-post realized losses and gains. It tests
how well risk estimates would have performed in the past. It allows us to evaluate whether
a model and estimation procedure produce credible risk measure estimates. Methodologies
fall into three categories: coverage tests, distribution tests and independence tests.

Coverage tests assess whether the frequency of exceedances is consistent with the quantile
of loss a VaR measure is intended to reflect. Distribution tests are goodness-of-fit tests applied
to the overall loss distributions forecast by complete VaR measures. Independence tests assess
whether results appear to be independent of one period to next. Our empirical research use
coverage tests as a back-testing technique.

Also, by using rolling correlations we compared how bitcoin is correlated with tech-stocks
and performed the same sensitivity analysis for tech-stocks.

3. Results
3.1. Data analysis — descriptive statistics and quantiles

We started our analysis with descriptive statistics as it summarizes the characteristics of a
data set. We evaluated measures of central tendency for bitcoin, ethereum and ripple and
analysed measures of variability to provide basic information about variables in a dataset.
From descriptive statistics, we can see that our data are following big variations.

Table 1. Descriptive statistics of bitcoin daily returns per all analysed period and different years from
2013 to 2021

Variance SD Min Max Mean Skew Kurt Median
BTC_Price 14388863| 3793.27 68.43 19497.4 | 3126.08 1.26 0.82 736.52
BTC_Ret_all 0.0018 0.0427 | -0.2337 | 0.4297 0.0026 0.5049 9.7027 0.0018

BTC_Ret_2013 0.0047 | 0.0685 | -0.2337 | 0.4297 0.009 0.8921 | 8.1305 | 0.0073
BTC_Ret_2014 0.0015 | 0.0391 | -0.1887 | 0.1929 | -0.0016 | -0.0239 | 5.6712 | -0.0017
BTC_Ret_2015 0.0013 0.036 | -0.2115 | 0.1782 | 0.0015 | -0.868 | 7.8131 | 0.0012
BTC_Ret_2016 0.0006 | 0.0252 | -0.1533 | 0.1195 | 0.0025 | -0.279 | 8.8065 | 0.0018
BTC_Ret_2017 0.0025 0.05 -0.1874 | 0.2525 | 0.0085 | 0.4385 | 3.8035 | 0.0088
BTC_Ret_2018 0.0018 | 0.0425 | -0.1685 | 0.1322 | -0.0026 | -0.2119 | 1.7405 | 0.0008
BTC_Ret_2019 0.0013 | 0.0356 | -0.1409 | 0.1736 | 0.0023 | 0.5648 | 4.6202 | 0.0012
BTC_Ret_2020 0.0014 | 0.0377 | -0.3717 | 0.1819 | 0.0046 | -2.1970 | 27.9693 | 0.0027
BTC_Ret_2021 0.0018 | 0.0421 | -0.1377 | 0.1875 | 0.0022 | 0.1127 | 1.5231 | 0.0013

By analysing descriptive statistics of bitcoin (BTC), ripple (XRP) and ethereum (ETH)
we can see that the first year of analysis was the early stage of the crypto market and it
followed big variations (Tables 1-3). Another high-intensity period was 2017 booming at
the end of the year. We can see that 2017 was extremely high in daily returns for ripple
which had the biggest loss in daily returns and a lot of larger positive returns (Table 2).
Returns were positively skewed with the biggest positive value and it had an extremely
high kurtosis value.
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Table 2. Descriptive statistics of ripple daily returns per all analysed period and different years from
2013 to 2021

Variance SD Min Max Mean Skew Kurt | Median
XRP_Price 0.1 0.317 0.003 3.38 0.189 3.932 24.818 0.015
XRP_Ret_all 0.007 0.082 -0.46 1.794 0.004 6.339 109.457 | -0.003
XRP_Ret_2013 0.022 0.148 -0.338 0.81 0.02 1.811 7.254 0.008
XRP_Ret_2014 0.004 0.065 -0.401 0.291 0.002 -0.041 6.6 -0.001

XRP_Ret_2015 0.002 0.045 -0.151 0.258 -0.003 0.952 5.797 -0.004
XRP_Ret_2016 0.001 0.037 -0.103 0.393 0.001 4.344 37.406 | -0.004
XRP_Ret_2017 0.021 0.144 -0.46 1.794 0.024 6.262 65.955 0

XRP_Ret_2018 0.005 0.068 -0.298 0.38 -0.003 0.698 5.259 -0.005
XRP_Ret_2019 0.001 0.037 -0.126 0.257 -0.001 0.959 7.707 -0.003
XRP_Ret_2020 0.006 0.080 -0.327 0.560 0.007 1.557 10.048 0.002
XRP_Ret_2021 0.002 0.047 -0.195 0.211 -0.004 0.166 3.785 -0.004

Table 3. Descriptive statistics of ethereum daily returns per all analysed period and different years from
2015 to 2021

Variance SD Min Max Mean |Skewness| Kurtosis | Median
ETH_Price 58257.01| 241.36 0.43 1396.42 | 203.34 1.82 3.62 149.02
ETH_Ret_all 0.0042 0.065 | -0.2706 | 0.5103 | 0.0054 | 1.1909 | 7.5799 | -0.0008

ETH_Ret 2015 0.0129 | 0.1137 | -0.728 | 0.5103 | 0.0006 | -0.4891 | 15.02 -0.009
ETH_Ret_2016 0.0048 | 0.0693 | -0.2633 | 0.3536 | 0.0082 | 0.7657 4.253 | -0.0025
ETH_Ret 2017 0.0053 | 0.0731 | -0.2706 | 0.3366 | 0.0151 | 1.0223 | 3.8806 | 0.0039
ETH_Ret_2018 0.0031 | 0.0561 | -0.1869 | 0.1807 | —0.0032 | -0.0244 | 1.1324 | -0.0026
ETH_Ret_2019 0.0017 | 0.0411 | -0.1674 | 0.156 0.0006 | -0.1169 | 3.2202 | -0.0008
ETH_Ret_2020 0.003 0.056 -0.272 0.259 0.006 0.009 3.418 0.006

ETH_Ret_2021 0.002 0.041 -0.148 0.114 -0.004 | -0.283 0.886 0.000

Another common thing seen from the results about all analysed cryptocurrencies is that
the mean of analysed cryptocurrencies was negative (Tables 1-3). Even though bitcoin had
more than half positive daily returns, data was negatively skewed and maximum return was
the lowest in all periods analysed. All these points show that after booming at the end of 2017,
traders lost their trust in bitcoin. However, another common point highlighted for those cryp-
tocurrencies is that all of them became more stable in 2019 as price fluctuations for all of them
had the lowest values and the minimum loss value was the lowest, as well. Bitcoin, ethereum
and ripple had a higher mean of returns value in 2019 compared with 2018 (Tables 1-3).

Almost in all periods ethereum and ripple had 50% values of negative daily returns while
bitcoin results were positive (Tables 4-6). Even though half of the returns of ripple and ethe-
reum were negative almost in all periods but 75% quantile showed that ripple an ethereum
tend to reach higher positive returns, for example, bitcoin’s 75% quantile value is 0.184,
ripple’s is 0.0197 and ethereum’s is 0.0276. Given findings lead to the conclusion that it is
necessary to evaluate periods in which prices are changing separately as daily closing prices
do not show the exact returns of market participants.
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Table 4. Quantiles of bitcoin daily returns per all analysed period and different years from 2013 to 2021

Quantiles 0% 25'% 50% 75% 100%
BTC_Price 68.43 378.48 736.52 6308.52 19497.4
BTC_Ret_all -0.2337 -0.0126 0.0018 0.0184 0.4297
BTC_Ret_2013 -0.2337 -0.0168 0.0073 0.0327 0.4297
BTC_Ret_2014 -0.1887 -0.0169 -0.0017 0.0133 0.1929
BTC_Ret_2015 -0.2115 -0.011 0.0012 0.0171 0.1782
BTC_Ret_2016 -0.1533 -0.0055 0.0018 0.0098 0.1195
BTC_Ret_2017 -0.1874 -0.014 0.0088 0.0327 0.2525
BTC_Ret_2018 -0.1685 -0.0229 0.0008 0.0159 0.1322
BTC_Ret_2019 -0.1409 -0.0126 0.0012 0.0152 0.1736
BTC_Ret_2020 -0.3717 -0.0094 0.0027 0.0177 0.1819
BTC_Ret_2021 -0.1377 -0.0218 0.0013 0.0252 0.1875

Table 5. Quantiles of ripple daily returns per all analysed period and different years from 2013 to 2021

Quantiles 0% 25% 50% 75% 100%
XRP_Price 0.0028 0.0066 0.0147 0.3001 3.38
XRP_Ret_all -0.4600 -0.0224 -0.0028 0.0197 1.7937
XRP_Ret_2013 -0.3382 -0.0503 0.0084 0.0726 0.8095
XRP_Ret_2014 -0.4013 -0.0257 -0.0015 0.0284 0.2909
XRP_Ret_2015 -0.1511 -0.0220 -0.0039 0.0140 0.2580
XRP_Ret_2016 -0.1032 -0.0132 -0.0039 0.0090 0.3929
XRP_Ret_2017 -0.4600 -0.0232 -0.0006 0.0335 1.7937
XRP_Ret_2018 -0.2967 -0.0380 -0.0053 0.0226 0.3799
XRP_Ret_2019 -0.1256 -0.0160 -0.0026 0.0126 0.2568
XRP_Ret_2020 -0.4233 -0.0180 0.0016 0.0193 0.3971
XRP_Ret_2021 -0.3272 -0.0303 0.0023 0.0335 0.5601

Table 6. Quantiles of ethereum daily returns per all analysed period and

different years from 2015 to 2021

Quantiles 0% 25% 50% 75% 100%
ETH_Price 0.4348 11.3525 149.0150 286.4175 1396.4200
ETH_Ret_all -0.2706 -0.0235 -0.0008 0.0276 0.5103
ETH_Ret_2015 -0.7280 -0.0406 -0.0090 0.0339 0.5103
ETH_Ret_2016 -0.2633 -0.0257 -0.0025 0.0353 0.3536
ETH_Ret_2017 -0.2706 -0.0174 0.0039 0.0366 0.3366
ETH_Ret_2018 -0.1869 -0.0305 -0.0026 0.0245 0.1807
ETH_Ret 2019 -0.1674 -0.0181 -0.0008 0.0183 0.1560
ETH_Ret_2020 -0.4235 -0.0159 0.0053 0.0297 0.1894
ETH_Ret_2021 -0.2720 -0.0223 0.0059 0.0368 0.2595
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3.2. Stylized facts

In order to evaluate accurate returns, we chose to calculate continuously compounded loga-
rithmic daily returns for cryptocurrencies as it shows overall returns through the analysed
period. Bitcoin is the first and best-known cryptocurrency with the largest capitalization.
However, when analysing logarithmic returns, we can see that bitcoin’s returns are not larger
than 0.2, while for both ripple and ethereum it could reach 0.4 (Figure 1). Ethereum had
significant returns just at the beginning of the analysed period, but it is clear that ripple has
the largest returns spikes. Ripple and bitcoin had similar spikes at the end of 2017. Otherwise,
ripple and ethereum look more stable in 2019 than bitcoin.

Figure 1 presents that there could exist some correlations of returns as well as clusters of
volatility when lower volatility periods are followed by higher volatility periods. In order to
make any conclusions about cryptocurrencies volatility clustering, we need to start with the
analysis of stylized facts. Stylized facts are relevant statistical measures used for traditional
financial instruments. In our empirical research, we analysed four main stylized facts such
as distribution of outliers, autocorrelation, volatility clustering and normality.
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Figure 1. Logarithmic daily returns of bitcoin, ripple and ethereum cryptocurrencies
per all analysed period

3.2.1. Outliers

Outlier analysis showed that all analysed cryptocurrencies have at least one big outlier. Ripple
has a big positive outlier, bitcoin and ethereum have a big negative outlier which is associ-
ated with Covid-19 pandemic. After removing the biggest outlier for each cryptocurrency we
see that ripple has the biggest range from -0.6 to 0.6, showing that ripple has more extreme
values. Returns of all cryptocurrencies are around zero, boxplot of bitcoin and ethereum
looks quite similar and accordingly goes from -0.2 to 0.2 and from -0.3 to 0.3 (Figure 2).

3.2.2. Normality

Next, we checked normality using Jacque-Bera and Shapiro-Wilk tests (Table 7). As per
given results, data distribution follows a non-normal distribution. As there was previously
analysed bitcoin is more skewed to the left which shows that there are more negative than
positive returns.
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Figure 2. Box plots of bitcoin, ripple and ethereum logarithmic returns

Table 7. Bitcoin, ripple and ethereum normality tests results

Cryptocurrency Normality test Shapiro-Wilk Jarque Bera
Chi-squared 0.888 6195
BTC
p-value 0 0
Chi-squared 0.76 90911
XRP
p-value 0 0
Chi-squared 0.917 2005
ETH
p-value 0 0

3.2.3. Autocorrelation

Autocorrelation was checked using the Ljung-Box test. As p-value of the test in all cases is
less than 0.05 with 95 percent confidence level we can reject the null hypothesis of the test
and conclude that the data values are dependent which means that returns data is suitable
for ARCH modelling (Figure 3). Next, we perform the ARCH Lagrange multiplier test of no
conditional heteroskedasticity against an ARCH model. As p-value of the test in all cases is
less than 0.05 with 95 percent confidence level we can reject the null hypothesis of the test
and conclude that a series of residuals exhibit conditional heteroscedasticity.

The ARCH test is a vital tool for examining the time dynamics of the second moments.
The presence of a significant excess kurtosis is not indicative of time-varying volatility, but
the reverse is true: a significant ARCH effect identifies time-varying conditional volatility,
volatility clustering, and, as a result, the presence of a fat-tailed distribution.

Table 8 represents that for ripple and ethereum, p-values of the test are equal or close to
zero. Autocorrelation of bitcoin logarithmic returns shows that data is uncorrelated with itself
previous returns (p-value = 0.33 > 0.05).

However, the ACF of squared logarithmic and absolute returns show that there exist
higher-order dependencies which could be modelled. Figure 4 graphically shows that there
are clear ARCH effects for bitcoin, ripple and ehereum squared logarithmic and absolute
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Figure 3. Autocorrelation of bitcoin, ripple, ethereum logarithmic,
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returns, so they can be easily used for prediction. According to Gyamerah (2019) results of
Ljung box and LM test can be concluded that the volatility ARCH effect is very much pres-
ent in the return series. The p-value of the Box-Ljung test is almost zero, which indicates a
failure to reject the no ARCH effects null hypothesis.

Table 8. Bitcoin, ripple and ethereum autocorrelation results of Box-Ljung test for logarithmic, squared,
and absolute returns. ARCH LM test results for all period

BTC ETH XRP
Box-Ljung test sq?ll;;: d p-value Sq?;_e d p-value Sqil;_e d p-value
ret_log 31.755 0.33 53.014 0.01 74.155 0
ret_logh2 444.38 0 482.12 0 386.41 0
ret_abs 1222.4 0 713.54 0 1477.9 0
ARCH LM-test 139.36 0 215.15 0 162.37 0
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Figure 4. Bitcoin, ripple, ethereum volatility clusters in 2016-2021

3.2.4. Volatility clusters

After all the informative analysis of relations between cryptocurrency pairs, it becomes clear
that some pairs are strongly related and follow each other. Other cryptocurrency pairs occa-
sionally reflect changes with some delayed effects. Figure 4 gives visual evidence of volatility
clustering with all the cryptocurrencies. There are some periods of extreme volatility of the daily
returns that are followed by the sharp rise and falls in returns while periods with no such sharp
movements tended. The volatility clustering graph shows that the series of returns exhibit con-
ditional heteroskedasticity and here exist some fluctuation clusters with high and low returns.

3.2.5. Extreme values dependency

Extreme values are things that the most attract speculators at the same time being one of the
biggest challenges for scientists. Previous descriptive statistics analysis confirmed that there



540

R. Bruzgé et al. Stylized facts, volatility dynamics and risk measures of cryptocurrencies

-04 00 02 04 06

BTC_return_log

02 00 02

04

00

<04

o

02 00 02 04

o
T
-02 0.0 01 02 03

Figure 5. Heavy tails of ethereum and ripple, bitcoin and ethereum, bitcoin and ripple pairs

exist outliers and that kurtosis values support the idea of heavy tails. Outliers and extreme val-
ues are parts of cryptocurrency data, so for further analysis, it is obligatory to manage how to
deal with them. After graphically evaluating the dependency of extreme deviations we see that
some tail dependency exists, especially between bitcoin and Ethereum (Figure 5). That means
if bitcoin reaches high values, ethereum could follow as tails are dependent on each other.

Stylized facts analysis confirmed finding that we deal with highly volatile data and de-
pendent cryptocurrency pairs which have delayed effects.

3.2.6. Dependencies across cryptocurrencies

After a graphical evaluation of the return data, it becomes clear that there exist some rela-
tions between analysed cryptocurrencies. It is well-known that correlation analysis could be
efficiently used in financial markets. If there exist any negatively correlated cryptocurrencies,
investors could easily profit from them by taking advantage of hedging their portfolio and
reducing market risk due to volatility.

According to correlation coefficients, there is medium strength linear relationship be-
tween cryptocurrency pairs (Table 9). However, correlation gives generalized results, so we
looked further at cross-correlations and rolling correlations.

Table 9. Bitcoin, ripple and ethereum correlation matrix results

XRP_return_log

BTC_return_log

ETH_return_log

XRP_return_log 1 0.53 0.58
BTC_return_log 0.53 1 0.59
ETH_return_log 0.58 0.59 1

3.2.6.1. Cross correlation

We evaluated cross correlation considering the degree of similarity between two time series
in different lagged periods. Cross correlation value showed there is a medium-strength rela-
tion between bitcoin and ripple price. Figure 6 shows results by including time lag.

From time to time their values increase more than the accepted interval from -0.05 to
0.05. Findings from cross-correlation between bitcoin and ripple show that if one changes



Journal of Business Economics and Management, 2023, 24(3): 527-550 541

Returns BTC vs XRP Returns BTC vs ETH Returns XRP vs ETH

=

g

----------------------------- i AN I 1
| | ﬂ" L Hl” I|| R | |III'”||"I||| |II|||I.I| '"|,"”|,,'"'.| l||||m[,- I“|”|I|HI'|| || |I||"-l Ij bl |||h i |||‘| | ||||| I |||“| [i ll| |

| | o) I“I”I !l | Il |ll ll”l

T T T T T 53 T T T T T T T T T
-40 -20 0 20 40 -40 -20 0 20 40 -40 -20 0 20 40

00
00

0o

Figure 6. Cross-correlation of bitcoin, ripple and ethereum with 50 lag

per 1 point, another reacts to that change and moves the same direction after about 17 and
more than 35 days. Also, it reacts negatively after one day. When evaluating the correlation
coeflicient between bitcoin and ethereum there is only reaction after 17 days and a negative
reaction after 1 day. After measuring cross-correlations for ripple and ethereum it could be
easily visually seen that cross-correlation usually occurs after a few days as cross-correlation
values breach the given tolerance interval from -0.05 to 0.05.

3.2.6.2. Rolling correlation

Finally, another type of correlation is a rolling correlation which measures the volatility of
returns through all periods. Figure 7 shows the rolling correlations of the cryptocurren-
cies log-returns series available at each period. Rolling correlations are calculated over a
backwards-looking window of 30 days. Despite that rolling correlation between bitcoin and
ethereum was unstable until 2018, there is a unique change from the well-known spike at
the end of 2017. We can see that after big bitcoin price movements in the end of 2017, 2018
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Figure 7. Rolling correlation for ethereum and ripple, bitcoin and ethereum, bitcoin and ripple pairs
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started with strong correlation between all analysed cryptocurrency pairs and it remains until
the beginning of 2022. Only correlation between ethereum and ripple started to weaken in
the end of 2020 but it continue to be strong from the middle of 2021. These results show that
cryptocurrencies are strongly related to each other.

According to De Pace and Rao (2022), correlations are natural to understand because cryp-
tocurrencies are, in general, independently created and are based on slightly different platforms,
technologies, and protocols. Thus, they exhibit different features, characteristics, and limitations.
Findings based on correlation analysis lead to the conclusion that cryptocurrencies are related to
each other. Extreme values on the main bitcoin cryptocurrency may tend to affect other crypto-
currencies with a delayed effect. Also, correlations are changing over time, so in order to achieve
the best results and make predictions, it is necessary to evaluate how they change.

3.2.7. Comparison with tech-stocks

By looking at rolling correlations between tech-stocks and bitcoin we can see that it follows
some cycles (Figure 8). However, even if in some periods correlation coefficient shows me-
dium strength linear dependency with coefficient value of 0.5 or 0.6, soon correlation goes to
zero, or even negative value and cycles changes. Overall, by looking at the graph we can see
that there is no correlation between tech-stocks and bitcoin as correlation coeflicient between
them usually fluctuates around zero. As bitcoin, ripple and ethereum are not correlated with
tech-stocks, they can be used together with tech-stocks in a diversified portfolio.
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Figure 8. Rolling correlation for Amazon and bitcoin, Tesla and bitcoin, Meta and bitcoin pairs

4. Evaluation of risk measures

A further empirical sensitivity analysis follows with the best-known risk estimation measures
of Value-at-Risk (VaR) and Expected Shortfall (ES). VaR modelling determines the potential
for loss in the entity being assessed and the probability of occurrence for the defined loss.
The empirical analysis included nonparametric methods for VaR estimation as logarithmic
returns are non-stationary, there is no normal distribution and outliers exist. There were used
historical, modified and gaussian methods. VaR gives the maximum loss on a portfolio over
a specific time period for a certain level of confidence.
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4.1. Bitcoin, ethereum and ripple - VaR, ES

Sensitivity analysis for Value-at-Risk and Expected Shortfall shows that results are almost
the same for bitcoin in all exchanges using historical, modified and gaussian methods (Fig-
ure 9). However, in all cases, the modified method gives not reliable results as with increasing
confidence level risk measures steadily go down until some point after which risk measures
become smaller. This shows that the modified method is not suitable for evaluating ES. In
order to check if the results are accurate, we used well-known back-testing technique.
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Figure 9. Risk confidence sensitivity for bitcoin, ripple, ethereum
Value-at-Risk and Expected Shortfall

An analysis is based on evaluation with confidence levels of 95%. We determined one-day
VaR for bitcoin in 2021 is equal to 6.4% with historical method (Table 10). This means that
with a 95% confidence level the worst daily loss will not exceed 6.4% for bitcoin. Ripple and
ethereum experience larger VaR values of 9.8% and 7.9% accordingly. It is clear that with a
95% confidence level gaussian method gives larger VaR values while the historical method
shows the smallest VaR value. Bitcoin is still considered the least risky cryptocurrency as VaR
values with all methods are smaller than for other cryptocurrencies.

Back-testing determines the exceedance amount of a VaR model by involving the com-
parison of the calculated VaR measure to the actual losses (or gains) achieved. Value shows
how many times values exceeded the expected VaR level (Table 10). In this case, the smaller
the exceedance amount the better and we can see that most of the time best results are
achieved using the historical method.
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Table 10. VaR for bitcoin, ripple, ethereum with 95% confidence levels using Historical, Modified and
Gaussian methods

BTC XRP ETH
Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus-
rical fied sian rical fied sian rical fied sian

2016 0.027 0.036 0.039 0.042 0.023 0.052 0.081 0.084 0.105
Exceed 11 20 19 10 16 22 17 23 30
2017 0.073 0.063 0.073 0.094 0.030 0.162 0.083 0.077 0.105
Exceed 28 29 33 6 21 18 13 23 23
2018 0.077 0.073 0.072 0.099 0.094 0.115 0.099 0.094 0.095
Exceed 16 20 16 14 19 20 22 23 20
2019 0.047 0.047 0.056 0.057 0.056 0.058 0.066 0.066 0.067
Exceed 13 22 24 17 24 19 17 22 19
2020 0.045 0.041 0.046 0.073 0.065 0.097 0.065 0.058 0.065
Exceed 18 27 22 12 31 28 17 26 21
2021 0.064 0.066 0.066 0.098 0.070 0.125 0.079 0.082 0.086

Expected Shortfall is defined as the average of all losses which are greater or equal
than VaR. It gives the expected value of an investment in the worst case (Table 11). For
bitcoin, using historical method this value with a 95% confidence level is equal to 9.4%
and for ripple is equal to 16.4%. It shows that in the worst-case loss in bitcoin would be
9.4% which is less than 16.4% for ripple. The difference between VaR and ES for bitcoin is
equal to 3 % and for ripple this difference is 6.6%. That means that in worst case ripple is
more likely to evidence losses.

Table 11. ES for bitcoin, ripple, ethereum with 95% confidence levels using Historical, Modified and
Gaussian methods

BTC XRP ETH

Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus-
rical fied sian rical fied sian rical fied sian

2016 | 0.061 | 0.089 | 0.050 | 0.059 | 0.109 | 0.072 | 0.146 | 0.138 | 0.134
2017 | 0.107 | 0.107 | 0.094 | 0.170 | 0.091 | 0.190 | 0.135 | 0.109 | 0.132
2018 | 0.111 | 0.117 | 0.092 | 0.161 | 0.166 | 0.145 | 0.141 | 0.143 | 0.121
2019 | 0.081 | 0.070 | 0.071 | 0.087 | 0.054 | 0.077 | 0.104 | 0.120 | 0.085
2020 | 0.064 | 0.049 | 0.060 | 0.144 | 0.205 | 0.127 | 0.094 | 0.092 | 0.084
2021 0.094 | 0.097 | 0.085 | 0.164 | 0.100 | 0.155 | 0.127 | 0.163 | 0.111

Finally, graphs for predicted values and backtesting results for bitcoin, ripple and ethe-
reum are presented in Appendix A.1, A.2, A.3 given in the external Mendeley Data repository
(Bruzgé, 2023).
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4.2. Amazon, Tesla and Meta - VaR, ES

As explored in literature analysis, scientists find some significant relationships between cryp-
tocurrency and the stock market. In our empirical research, we decided to compare crypto-
currency results with traditional financial assets. As cryptocurrencies are usually compared
with tech-stocks, we picked 3 of the best-known tech-stocks such Tesla, Amazon and Meta.
We did the same sensitivity analysis for tech-stocks (Tables 12-13).

Table 12. VaR for Tesla, Meta and Amazon with 95% confidence levels using Historical, Modified and
Gaussian methods

TSL META AMZN
Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus-
rical fied sian rical fied sian rical fied sian

2016 0.039 0.043 0.039 0.026 0.010 0.026 0.028 0.027 0.028
Exceed 15 11 11 15 15 9 11 10 8
2017 0.035 0.036 0.035 0.016 0.017 0.016 0.016 NA 0.019
Exceed 12 13 12 14 10 10 13 8 9
2018 0.052 0.051 0.060 0.032 0.034 0.034 0.042 0.037 0.036
Exceed 12 13 9 18 18 18 18 8 21
2019 0.050 0.050 0.050 0.024 0.023 0.027 0.023 0.023 0.023
Exceed 12 10 10 14 12 10 10 9 10
2020 0.077 0.089 0.084 0.043 0.048 0.047 0.038 0.035 0.037
Exceed 12 11 8 11 11 7 12 11 12
2021 0.051 0.048 0.054 0.032 0.030 0.030 0.026 0.026 0.025
Exceed 12 11 9 14 13 11 12 10 12

Table 13. ES for Tesla, Meta and Amazon with 95% confidence levels using Historical, Modified and
Gaussian methods

TSL META AMZN

Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus- | Histo- | Modi- | Gaus-
rical fied sian rical fied sian rical fied sian

2016 | 0.060 | 0.069 | 0.050 | 0.038 | 0.010 | 0.036 | 0.044 | 0.038 | 0.037
2017 | 0.050 | 0.051 | 0.044 | 0.025 | 0.029 | 0.020 | 0.024 | 0.008 | 0.025
2018 | 0.078 | 0.061 | 0.075 | 0.052 | 0.053 | 0.043 | 0.056 | 0.057 | 0.046
2019 | 0.079 | 0.095 | 0.063 | 0.036 | 0.027 | 0.034 | 0.033 | 0.034 | 0.029
2020 | 0.136 | 0.153 | 0.108 | 0.068 | 0.084 | 0.059 | 0.049 | 0.047 | 0.046
2021 0.071 | 0.062 | 0.069 | 0.041 | 0.040 | 0.037 | 0.033 | 0.041 | 0.031

Value-at-Risk sometimes was couple of times lower for tech-stocks than for cryptocur-
rencies. However, still, chosen stocks experienced some shocks and were sensitive for big
news. As historic prices show losses could be even bigger in practice but still lower than in
the cryptocurrency market.
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Graphs for predicted values and back-testing results for Tesla, Meta and Amazon are
presented in Appendix A.4, A.5, A.6 given in the external Mendeley Data repository (Bruzgeé,
2023).

Discussion

Almeida et al. (2022) found that cryptocurrencies may have safe haven properties. Their
empirical research of cryptocurrency market show that during the pandemic uncertainty
increased but risk decreased. Additionally, extensive systematic literature review performed
by Almeida and Gongalves (2022) indicated that cryptocurrencies can be used as a hedge
against stocks, fiat currencies and geopolitical risks. Our research confirms the safe haven
properties as we showed that cryptocurrencies can be used as a hedge as they are not cor-
related with tech stocks. We explored the same cryptocurrencies as Melki and Nefzi (2022)
for the same purpose as they did but additionally from Almeida et al. (2022), Almeida and
Gongalves (2022) and Melki and Nefzi (2022) our research was broadened by including
analysis of stylized facts and value at risk measures from which we gave novel results about
the existing volatility clustering in the cryptocurrency market.

Value at risk were mainly used by scientist as source to increase the accuracy of forecast-
ing (Jiang et al., 2022; Gorgen et al., 2022; Miiller et al., 2022). However, in our paper we
did not forecast the returns of cryptocurrencies. We used this risk measures additionally
with stylized facts analysis to determine the volatility clusters and we found that there exists
volatility clustering in the cryptocurrency market when active and highly volatile periods are
followed by minimal activity periods.

Conclusions

Literature analysis showed that the cryptocurrency market is inefficient compared with gold
and stock markets. Stronger deviations, uncertainty, and volatility are the results of the ir-
rational behaviour of investors. Inefficiency leads to arbitrage potential, however big returns
and losses, as well. An investor must be educated about the risk that he takes before invest-
ing in financial instruments with less efficiency, naming cryptocurrency and tech-stocks.
Literature analysis shows that cryptocurrencies offer diversification benefits and can work
as a hedge in the investment portfolio. Scientific research explores volatility clustering and
seasonal patterns in the cryptocurrency market, however, still there is a lack of empirical
research which performs sensitivity analysis of both cryptocurrencies and tech-stocks and
gives valuable insights into the volatility clustering and the risk in these markets. Scientific
literature confirm that cryptocurrency market is a unique laboratory for studying due to its’
unique features and arising opportunities because of existing volatility clustering.

The overall analysis covered in this empirical research confirms that there exists some
volatility clustering in bitcoin, ethereum and ripple returns. Descriptive statistics showed that
bitcoin, ethereum and ripple developed through the analysed period as all of them became
more stable in 2019, but were still very sensitive to shocks and were heavily influenced by the
Covid-19 pandemic shock. Despite that, price fluctuations decreased and the mean for all of
them remained positive. Bitcoin looks the most stable compared with ripple and ethereum.
Despite that ripple was introduced earlier than ethereum, it remains less predictable as there
were some periods with a high level of price shocks.
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Stylized facts analysis showed that there are many outliers or extreme deviations, data
is not normally distributed. After evaluation of extreme values, it was confirmed that there
exists some tail dependency between different cryptocurrency pairs. Autocorrelation results
confirmed that there exists higher-order dependency on squared logarithmic and absolute
returns that can be modelled in predicting volatility clustering. Following that, it was con-
firmed existing ARCH effects for all cryptocurrencies in all analysed periods which confirms
the existence of volatility clusters.

The further work provided a comprehensive and detailed analysis of the correlation be-
tween cryptocurrencies and confirmed that cryptocurrencies are strongly correlated. Com-
parison of rolling correlations with tech-stocks showed that there is no correlation between
cryptocurrencies and tech-stocks. It confirms that cryptocurrencies can be used as a hedge in
a diversified portfolio as they are not correlated with stocks. Sensitivity analysis by evaluating
key risk measures of VaR and ES showed that cryptocurrencies are riskier than tech-stocks,
however both cryptocurrencies and tech-stocks are sensitive to shocks in the market. While
being one of the riskiest financial instruments cryptocurrencies represent a unique financial
asset class which has an anti-inflationary mechanism and other advantages when comparing
them with stocks.

Our results confirmed the existence of volatility clusters and showed that tech-stocks
are not correlated with cryptocurrencies so based on these findings there are possible im-
plications for businesses and policymakers. Businesses could create some diversified cryp-
tocurrency/tech-stock high risk indexes for risk prone investors. As cryptocurrencies are
decentralized, policymakers cannot regulate cryptocurrencies, but they can regulate cryp-
tocurrency exchanges with the indirect effect for cryptocurrencies. New regulations should
indicate that exchanges must maintain given requirements in order to offer trading opportu-
nities. More requirements would lower the emergence of new exchanges as well as fraudulent
ones. As a result risk coming from the high frequency trading and fraudulent activity would
be minimized. Volatility clustering showed us periods of high volatility which increase risk.
Policymakers could add requirements for exchanges to keep investors informed when risk
in the market increases as market goes into the bigger volatility period.

Research gave a broad view and analysis of the volatility clustering topic but the main
limitation is a lack of detailed analysis of volatility clusters. That's why our future direction
is to expand the analysis of volatility clusters even further by finding the factors which indi-
cates when the volatility period starts or ends and explore periods of high and low volatility
more in detail.

Funding

This research has received funding from European Regional Development Fund (project No
13.1.1-LMT-K-718-05-0006) under grant agreement with the Research Council of Lithuania
(LMTLT). Funded as European Union’s measure in response to Cov-19 pandemic.

References

Abakah, E. J. A, Tiwari, A. K., Lee, C. C., & Ntow-Gyamfi, M. (2023). Quantile price convergence and
spillover effects among Bitcoin, Fintech, and artificial intelligence stocks. International Review of
Finance, 23(1), 187-205. https://doi.org/10.1111/irfi.12393


https://doi.org/10.1111/irfi.12393

548 R. Bruzge et al. Stylized facts, volatility dynamics and risk measures of cryptocurrencies

Almeida, D., Dionisio, A., Vieira, L., & Ferreira, P. (2022). Uncertainty and risk in the cryptocurrency
market. Journal of Risk and Financial Management, 15(11), 532.
https://doi.org/10.3390/jrfm15110532

Almeida, J., & Gongalves, T. C. (2022). Portfolio diversification, hedge and safe-haven properties in
cryptocurrency investments and financial economics: A systematic literature review. Journal of Risk
and Financial Management, 16(1), 3. https://doi.org/10.3390/jrfm16010003

Artzner, P, Delbaen, E, Jean-Marc, E. & Heath, D. (1999). Coherent measures of risk. Mathematical
Finance, 9, 203-228. https://doi.org/lO.ll11/1467—9965.00068

Bariviera, A. . (2017). The inefficiency of Bitcoin revisited: A dynamic approach. Economics Letters,
161, 1-4. https://doi.org/10.1016/j.econlet.2017.09.013

Beneki, C., Koulis, A., Kyriazis, N. A., & Papadamou, S. (2019). Investigating volatility transmission and
hedging properties between Bitcoin and Ethereum. Research in International Business and Finance,
48, 219-227. https://doi.org/10.1016/j.ribaf.2019.01.001

Borri, N. (2019). Conditional tail-risk in cryptocurrency markets. Journal of Empirical Finance, 50,
1-19. https://doi.org/10.1016/j.jempfin.2018.11.002

Bruzgé, R., & Sapkauskiené, A. (2022). Network analysis on Bitcoin arbitrage opportunities. The North
American Journal of Economics and Finance, 59, 101562. https://doi.org/10.1016/j.najef.2021.101562

Bruzgé, R. (2023). Appendix. Mendeley Data, V1. https://doi.org/10.17632/22xmtknw62.1

Canh, N. P, Wongchoti, U.,, Thanh, S. D., & Thong, N. T. (2019). Systematic risk in cryptocurrency
market: Evidence from DCC-MGARCH model. Finance Research Letters, 29, 90-100.
https://doi.org/10.1016/1.fr1.2019.03.011

Chaim, P, & Laurini, M. P. (2019). Nonlinear dependence in cryptocurrency markets. North American
Journal of Economics and Finance, 48, 32-47. https://doi.org/10.1016/j.najef.2019.01.015

Chuy, J., Chan, S., & Zhang, Y. (2021). Bitcoin versus high-performance technology stocks in diversify-
ing against global stock market indices. Physica A: Statistical Mechanics and its Applications, 580,
126161. https://doi.org/10.1016/j.physa.2021.126161

Chuen, Lee, D. K., Guo, L., & Wang, Y. (2018). Cryptocurrency: A new investment opportunity? Journal
of Alternative Investments, 20(3), 16-40. https://doi.org/10.3905/jai.2018.20.3.016

Corbet, S., Meegan, A., Larkin, C., Lucey, B., & Yarovaya, L. (2018). Exploring the dynamic relationships
between cryptocurrencies and other financial assets. Economics Letters, 165, 28-34.
https://doi.org/10.1016/j.econlet.2018.01.004

De Pace, P. & Rao, J. (2022). Comovement and instability in cryptocurrency markets. International
Review of Economics & Finance, 83(1). https://doi.org/10.2139/ssrn.3523993

Elendner, H., Trimborn, S., Ong, B. & Ming, T. (2016). The cross-section of crypto-currencies as finan-
cial assets: An overview. Investing in crypto-currencies beyond Bitcoin. In Handbook of blockchain,
digital finance and inclusion (Vol. 1, pp.145-173). Elsevier.

Fakhfekh, M., & Jeribi, A. (2019). Volatility dynamics of crypto-currencies” returns: Evidence from
asymmetric and long memory GARCH models. Research in International Business and Finance, 51,
101075. https://doi.org/10.1016/j.ribaf.2019.101075

Gkillas, K., & Katsiampa, P. (2018). An application of extreme value theory to cryptocurrencies. Eco-
nomics Letters, 164, 109-111. https://doi.org/10.1016/j.econlet.2018.01.020

Gyamerah, S. A. (2019). Modelling the volatility of Bitcoin returns using GARCH models. Quantitative
Finance and Economics, 3, 739-753. https://doi.org/10.3934/QFE.2019.4.739

Gorgen, K., Meirer, ., & Schienle, M. (2022). Predicting value at risk for cryptocurrencies using general-
ized random forests. arXiv. https://doi.org/10.48550/arXiv.2203.08224

Hrytsiuk, P.,, Babych, T., & Bachyshyna, L. (2019). Cryptocurrency portfolio optimization using value-
at-risk measure. Advances in economics, Business and Management Research, 95, 385-389.
https://doi.org/10.2991/smtesm-19.2019.75


https://doi.org/10.3390/jrfm15110532
https://doi.org/10.3390/jrfm16010003
https://doi.org/10.1111/1467-9965.00068
https://doi.org/10.1016/j.econlet.2017.09.013
https://doi.org/10.1016/j.ribaf.2019.01.001
https://doi.org/10.1016/j.jempfin.2018.11.002
https://doi.org/10.1016/j.najef.2021.101562
https://doi.org/10.17632/22xmtknw62.1
https://doi.org/10.1016/j.frl.2019.03.011
https://doi.org/10.1016/j.najef.2019.01.015
https://doi.org/10.1016/j.physa.2021.126161
https://doi.org/10.3905/jai.2018.20.3.016
https://doi.org/10.1016/j.econlet.2018.01.004
https://doi.org/10.2139/ssrn.3523993
https://doi.org/10.1016/j.ribaf.2019.101075
https://doi.org/10.1016/j.econlet.2018.01.020
https://doi.org/10.3934/QFE.2019.4.739
https://doi.org/10.48550/arXiv.2203.08224
https://doi.org/10.2991/smtesm-19.2019.75

Journal of Business Economics and Management, 2023, 24(3): 527-550 549

Yamai, Y., & Yoshiba, T. (2005). Value-at-risk versus expected shortfall: A practical perspective. Journal
of Banking and Finance, 29(4), 997-1015. https://doi.org/10.1016/j.jbankfin.2004.08.010

Jiang, Y., Nie, H., & Ruan, W. (2018). Time-varying long-term memory in Bitcoin market. Finance
Research Letters, 25, 280-284. https://doi.org/10.1016/j.fr1.2017.12.009

Jiang, K., Zeng, L., Song, J., & Liu, Y. (2022). Forecasting Value-at-Risk of cryptocurrencies using the
time-varying mixture-accelerating generalized autoregressive score model. Research in International
Business and Finance, 61, 101634. https://doi.org/10.1016/j.ribaf.2022.101634

Ji, Q., Bouri, E., Lau, C. K. M., & Roubaud, D. (2019). Dynamic connectedness and integration in
cryptocurrency markets. International Review of Financial Analysis, 63, 257-272.
https://doi.org/10.1016/j.irfa.2018.12.002

Le, L., Abakah, E. J., & Tiwari, A. K. (2021). Time and frequency domain connectedness and spill-over
among fintech, green bonds and cryptocurrencies in the age of the fourth industrial revolution.
Technological Forecasting and Social Change, 162. https://doi.org/10.1016/j.techfore.2020.120382

Likitratcharoen, D., Ranong, T. N., Chuengsuksomboon, R., Sritanee, N., & Pansriwong, A. (2018).
Value at risk performance in cryptocurrencies. The Journal of Risk Management and Insurance,
22(1), 11-28.

Makarov, I, & Schoar, A. (2020). Trading and arbitrage in cryptocurrency markets. Journal of Financial
Economics, 135(2), 293-319. https://doi.org/10.1016/j.jfineco.2019.07.001

Makrichoriti, P. K., & Moratis, G. (2016). BitCoin’s roller coaster: systemic risk and market sentiment.
SSRN. https://doi.org/10.2139/ssrn.2808096

McNeil, A. J,, Frey, R., & Embrechts, P. (2015). Quantitative risk management: Concepts, techniques, and
tools. Princeton University Press.

Melki, A., & Nefzi, N. (2022). Tracking safe haven properties of cryptocurrencies during the COVID-19
pandemic: A smooth transition approach. Finance Research Letters, 46, 102243.
https://doi.org/10.1016/j.fr1.2021.102243

Miiller, E. M., Santos, S. S., Gossling, T. W., & Righi, M. B. (2022). Comparison of risk forecasts for
cryptocurrencies: A focus on Range Value at Risk. Finance Research Letters, 48, 102916.
https://doi.org/10.1007/s10614-022-10330-x

Omane-Adjepong, M., Ababio, K. A., & Alagidede, L. P. (2019). Time-frequency analysis of behav-
iourally classified financial asset markets. Research in International Business and Finance, 50, 54-69.
https://doi.org/10.1016/j.ribaf.2019.04.012

Pele, D. T., & Mazurencu-Marinescu-Pele, M. (2019). Using high-frequency entropy to forecast Bitcoin’s
daily value at risk. Entropy, 21(2), 102. https://doi.org/10.3390/e21020102

Polasik, M., Piotrowska, A. I., Wisniewski, T. P., Kotwoski, R., & Lightfoot, G. (2016). Price fluctuations
and the use of Bitcoin: an empirical inquiry. International Journal of Electronic Commerce, 20(1),
9-49. https://doi.org/10.1080/10864415.2016.1061413

Salisu, A. A., Isah, K., & Akanni, L. O. (2019). Improving the predictability of stock returns with Bitcoin
prices. North American Journal of Economics and Finance, 48, 857-867.
https://doi.org/10.1016/j.najef.2018.08.010

Sifat, I. M., Mohamad, A., & Mohamed Shariff, M. S. B. (2019). Lead-Lag relationship between Bitcoin
and Ethereum: Evidence from hourly and daily data. Research in International Business and Finance,
50, 306-321. https://doi.org/lO.1016/j.ribaf‘2019.06.012

Symitsi, E., & Chalvatzis, K. J. (2019). The economic value of Bitcoin: A portfolio analysis of currencies,

gold, oil and stocks. Research in International Business and Finance, 48, 97-110.
https://doi.org/10.1016/j.ribaf.2018.12.001

Tran, V. L., & Leirvik, T. (2020). Efficiency in the markets of crypto-currencies. Finance Research Letters,
35. https://doi.org/lO.1016/j.frl.2019.101382


https://doi.org/10.1016/j.jbankfin.2004.08.010
https://doi.org/10.1016/j.frl.2017.12.009
https://doi.org/10.1016/j.ribaf.2022.101634
https://doi.org/10.1016/j.irfa.2018.12.002
https://doi.org/10.1016/j.techfore.2020.120382
https://doi.org/10.1016/j.jfineco.2019.07.001
https://doi.org/10.2139/ssrn.2808096
https://doi.org/10.1016/j.frl.2021.102243
https://doi.org/10.1007/s10614-022-10330-x
https://doi.org/10.1016/j.ribaf.2019.04.012
https://doi.org/10.3390/e21020102
https://doi.org/10.1080/10864415.2016.1061413
https://doi.org/10.1016/j.najef.2018.08.010
https://doi.org/10.1016/j.ribaf.2019.06.012
https://doi.org/10.1016/j.ribaf.2018.12.001
https://doi.org/10.1016/j.frl.2019.101382

550 R. Bruzge et al. Stylized facts, volatility dynamics and risk measures of cryptocurrencies

Thageb, S. A., & Algharabali, B. G. (2019). Economic policy uncertainty: A literature review. The Journal
of Economic Asymmetries, 20. https://doi.org/10.1016/j.jeca.2019.e00133

Trucios, C., Tiwari, A. K., & Alqahtani, F. (2019). Value-at-risk and expected shortfall in cryptocurren-
cies’ portfolio: A vine copula-based approach. Applied Economics, 52(24), 2580-2593.
https://doi.org/10.1080/00036846.2019.1693023

Katsiampa, P, Yarovaya, L., & Zigba, D. (2022). High-frequency connectedness between Bitcoin and
other top-traded crypto assets during the COVID-19 crisis. Journal of International Financial Mar-
kets, Institutions and Money, 79, 1042-4431. https://doi.org/10.1016/j.intfin.2022.101578

Urquhart, A. (2017). Price clustering in Bitcoin. Economics Letters, 159, 145-148.
https://doi.org/10.1016/j.econlet.2017.07.035

Vaitonis, M., & Masteika, S. (2021). A method for testing high frequency statistical arbitrage trading
strategies in electronic exchanges. Transformations in Business & Economics, 20(2B(53B)), 1024—
1052.

Qian, L., Wang, J., Ma, E, & Li, Z. (2022). Bitcoin volatility predictability - The role of jumps and re-
gimes. Finance Research Letters, 47, 102687. https://doi.org/10.1016/j.fr.2022.102687

Wang, H., Wang, X., Yin, S., & Ji, H., (2022). The asymmetric contagion effect between stock market

and cryptocurrency market. Finance Research Letters, 46(Part A), 102345.
https://doi.org/10.1016/j.£r.2021.102345


https://doi.org/10.1016/j.jeca.2019.e00133
https://doi.org/10.1080/00036846.2019.1693023
https://doi.org/10.1016/j.intfin.2022.101578
https://doi.org/10.1016/j.econlet.2017.07.035
https://doi.org/10.1016/j.frl.2022.102687
https://doi.org/10.1016/j.frl.2021.102345

