Discontinuous movements and asymmetries in
cryptocurrency markets
GKILLAS, K., KATSIAMPA, Paraskevi <http://orcid.org/0000-0003-04776503>, KONSTANTATOS, C. and TSAGKANOS, A.
Available from Sheffield Hallam University Research Archive (SHURA) at:
http://shura.shu.ac.uk/29852/

This document is the author deposited version. You are advised to consult the
publisher's version if you wish to cite from it.
Published version
GKILLAS, K., KATSIAMPA, Paraskevi, KONSTANTATOS, C. and TSAGKANOS, A.
(2022). Discontinuous movements and asymmetries in cryptocurrency markets.
European Journal of Finance, 1-25.

Copyright and re-use policy
See http://shura.shu.ac.uk/information.html

Sheffield Hallam University Research Archive
http://shura.shu.ac.uk

The European Journal of Finance

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/rejf20

Discontinuous movements and asymmetries in
cryptocurrency markets
Konstantinos Gkillas, Paraskevi Katsiampa, Christoforos Konstantatos &
Athanasios Tsagkanos
To cite this article: Konstantinos Gkillas, Paraskevi Katsiampa, Christoforos Konstantatos &
Athanasios Tsagkanos (2022): Discontinuous movements and asymmetries in cryptocurrency
markets, The European Journal of Finance, DOI: 10.1080/1351847X.2021.2015416
To link to this article: https://doi.org/10.1080/1351847X.2021.2015416

© 2022 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group
View supplementary material

Published online: 08 Feb 2022.

Submit your article to this journal

Article views: 267

View related articles

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=rejf20

THE EUROPEAN JOURNAL OF FINANCE
https://doi.org/10.1080/1351847X.2021.2015416

Discontinuous movements and asymmetries in cryptocurrency markets
Konstantinos Gkillas
Tsagkanosc

a , Paraskevi Katsiampa

b , Christoforos Konstantatosc

and Athanasios

a Department of Management Science & Technology, University of Patras, Patras, Greece; b Sheﬃeld University Management
School, The University of Sheﬃeld, Sheﬃeld, UK; c Department of Business Administration, University of Patras, Patras, Greece

ABSTRACT

ARTICLE HISTORY

This paper proposes a novel asymmetric jump model for modeling interactions in discontinuous movements in asset prices. Given the jump behavior and high volatility
levels in cryptocurrency markets, we apply our model to cryptocurrencies to study the
impact of various types of jumps occurring in one cryptocurrency’s price process on the
discontinuity component of the realized volatility of other cryptocurrencies. Our model
also allows us to assess the impact of co-jumps. Using high-frequency data to compute
the daily realized volatility, we show that downside, upside, and small jumps observed
in cryptocurrencies negatively affect the jump component of other cryptocurrencies’
realized volatility, while large jumps have the opposite effect. We further find significant
asymmetric effects between small and large as well as between downside and upside
jumps for several cryptocurrencies. Moreover, we find evidence of co-jumping behavior, which can trigger future jumps. The practical implications of our findings are also
discussed. Finally, we extend our analysis to study the effects of jumps in mainstream
financial assets on cryptocurrencies’ jump behavior and find that upside and downside
jumps observed in the S&P 500 index negatively impact cryptocurrency jumps.
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1. Introduction
Over the last decade, blockchain-based applications and cryptocurrencies have been in the limelight, being
viewed as technological breakthroughs in finance. Indeed, within only few years since its launch, Bitcoin
attracted substantial attention from investors, policy makers, and the media alike, partly due to its nature as
a ‘new’ digital currency which could be characterized neither as a ‘commodity’ nor as ‘fiat money’, since it shares
features from both categories (Selgin 2015), but primarily due to the fact that it has provided its users with
remarkably high returns over short periods of time. Following Bitcoin’s success, several alternative digital coins
(‘altcoins’) have been introduced, with the total estimated market capitalization exceeding the value of $990bn in
January 2021 (coinmarketcap.com accessed on 20th January 2021). Nevertheless, cryptocurrencies have largely
been scrutinized for their risks, given that cryptocurrency markets have been characterized by large abrupt price
swings in the form of jumps and high levels of volatility.
Jumps constitute ‘sporadic events of a larger amplitude than what a continuous diffusion process can explain’
(Scaillet, Treccani, and Trevisan 2020), which not only have important implications for risk management (Bakshi
and Panayotov 2010) and option pricing (Merton 1976) but also for explaining crashes (Bates 2000), which are
of primary concern to cryptocurrency users and speculators. An asset’s jump behavior is further important for
modeling its volatility dynamics (Eraker, Johannes, and Polson 2003). Volatility is, in turn, an important element
in investment decisions (Poon and Granger 2003), since risk management, asset allocation, option pricing, and
trading strategy selection require volatility estimations (see, e.g. Bauwens, Hafner, and Laurent 2012). Volatility,
defined as the second moment of the price process of a financial time series, is also a measure of risk. Moreover,
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understanding volatility spillovers is of high importance to investors, as such spillover effects can limit their
diversification benefits.
Nonetheless, volatility is latent; that is, volatility is not directly observed as a variable, a fact that constitutes an inherent problem noticed when deriving volatility forecasts. Parametric models or GARCH models are
considered as latent variable models (Bollerslev 1986). Schwartz (1997) highlighted the importance of pricing
uncertainties/risks in real options valuation, where parametrically estimated implied volatility is deemed to be
an efficient forecast of latent volatility. However, a rational expectations assumption that the market option price
exposes the market’s true volatility estimation is required (Latané and Rendleman 1976). On the other hand,
non-parametric estimators of volatility are often preferred. Indeed, any non-parametric estimator that estimates
the quadratic variation is considered as the best estimator of integrated (latent) volatility (Barndorff-Nielsen
and Shephard 2002; Hansen and Lunde 2006; Sun 2006). Realized volatility, in particular, can be estimated
by non-parametric estimators - as well as by parametric and semi-parametric ones - but high-frequency data
make the non-parametric estimation of volatility more accurate (Andersen, Dobrev, and Schaumburg 2012;
Barndorff-Nielsen and Shephard 2002).
Volatility can be decomposed into two components, namely ‘good’ volatility and ‘bad’ volatility (Giot, Laurent,
and Petitjean 2010). The former is directional and persistent, whereas the latter is jumpy, comprising discontinuous movements in asset prices. Therefore, ‘bad’ volatility is more difficult to be anticipated than ‘good’ volatility.
Previous studies have established that the inclusion of jumps improves volatility modeling and forecasting (see,
e.g. Duffie, Pan, and Singleton 2000; Eraker, Johannes, and Polson 2003; Broadie, Chernov, and Johannes 2007).
Jumps, as discontinuous movements in asset prices, constitute a component of ‘bad’ volatility but at the same
time they offer an effective tool to predict volatility, with a large number of studies predicating on jumps in
order to predict volatility more accurately (see, e.g. Andersen et al. 2003; Andersen et al. 2007; Corsi et al. 2008;
Barndorff-Nielsen, Kinnebrock, and Shephard 2010; Corsi, Pirino, and Renò 2010; Patton and Sheppard 2015).
The decomposition of jumps into downside and upside jump components, in particular, increases the accuracy of ‘volatility prediction’ estimations, with the upside/downside variance spread being found a driver of the
asymmetry in stock price distributions, thus allowing us to better model and understand risk (see Duong and
Swanson 2015).
Against this backdrop, in this paper, we propose a novel jump model approach to capture the asymmetric
effects of various jump variations in the underlying price process. Motivated by two stylized facts observed in
cryptocurrency markets, namely very high volatility levels compared to mainstream financial markets and jumpy
behavior, we apply our model to five major cryptocurrencies, namely Bitcoin, Ether, Ripple, Litecoin, and EOS,
to investigate the causal effects of various types of jumps occurring in one cryptocurrency’s market on other
cryptocurrencies. Specifically, we investigate the impact not only of downside and upside but also of small and
large jumps occurring in Bitcoin on the discontinuity component of the realized volatility of the four altcoins
considered as well as the impact of such jumps occurring in altcoins on the jump variations of Bitcoin and of
other altcoins. Given that jumps in financial asset prices are often incorrectly identified when using low data
frequencies but are instead less frequent, accounting for a small proportion of the total price variation, when
using higher data frequencies (Christensen, Oomen, and Podolskij 2014), in our study we utilize intraday data
to construct the realized volatility series.
As will be shown, we find that overall downside, upside as well as small jumps observed in cryptocurrencies
have a negative effect on the discontinuity component of the realized volatility of other cryptocurrencies, while
large jumps in cryptocurrencies have a positive impact on other cryptocurrencies’ jumpy component. In addition, we find significant asymmetric effects between small and large as well as between downside and upside
jumps occurring in Bitcoin on the discontinuity part of the four altcoins’ realized volatility, as well as between
downside and upside jumps occurring in altcoins on Bitcoin’s jumpy behavior and between small and large
jumps in altcoins on discontinuities of other altcoins. We further find evidence of co-jumping behavior between
the considered pairs of cryptocurrencies, which can trigger future jumps. Finally, by extending our analysis to
study the effects of jumps in mainstream financial assets on cryptocurrencies’ jump behavior, we find that upside
and downside jumps observed in the S&P 500 index negatively affect cryptocurrency jumps.
Our contribution is multifold: First, we study the presence of jumps not only in Bitcoin’s underlying price
process but also in altcoins and explore for the first time how different types of jumps (i.e. total jumps, downside,
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upside and asymmetric jumps, large and small jumps, constructed from intraday data) in one cryptocurrency
affect the jump component of another, providing a more systematic characterization of the types of events that
cause cryptocurrencies to jump. Specifically, we shed light on the discontinuous sources of volatility (i.e. the
‘bad’ volatility) in cryptocurrency markets and, in particular, on whether a jump occurring in one cryptocurrency can trigger discontinuous price movements in other cryptocurrencies. We therefore contribute not only to
the rather limited literature on cryptocurrencies’ jump behavior but also to the literature on interdependencies
between cryptocurrencies. Second, we add another dimension to the interlinkages between cryptocurrencies’
‘bad’ volatility by exploring whether cryptocurrencies’ correlations and/or their co-jumping behavior can trigger large movements. Given that our paper sheds light on the types of events that cause jumps in cryptocurrency
markets, it is a natural research extension in our setting to consider these two variables. By accommodating all of
these features in our model, we take a completely different approach to past studies on jump/co-jumping behavior in cryptocurrency markets, such as Bouri, Roubaud, and Shahzad (2020). Third, by employing intraday data,
our results contribute to the limited literature that utilizes high-frequency cryptocurrency data. Fourth, we find
it promising to link the dynamics and asymmetric behavior of various types of jumps to that of the daily jump
component of cryptocurrencies in a single model. To this end, we propose a novel model approach that allows
for asymmetric effects of various types of jumps and co-jumps capturing various phases in cryptocurrency price
movements, but more importantly, that models interactions linked with the non-diversifiable risk (i.e. the ‘bad’
component) of cryptocurrencies’ volatility. This approach therefore controls for asymmetric effects of various
jump variations and volatility phases. The general idea behind this model is related to earlier literature that seeks
to explain the observed differences in the jump series’ behavior of assets as well as the prices of the underlying
assets through the pricing of jump risk. Fifth, we further employ the proposed model to investigate the impact
of various types of jumps in equity markets on the jumpy behavior of cryptocurrencies. Our paper therefore also
contributes to the growing literature on linkages between cryptocurrencies and traditional assets. Last but not
least, we assess the practical implications of our proposed model for portfolio management. More specifically,
we take the viewpoint of investors who are exposed to downside jump risk occurred in cryptocurrency markets
and we provide a novel portfolio analysis based on Sortino ratios. To the best of the authors’ knowledge, this has
not been previously analyzed in the literature.
The remainder of the paper is organized as follows: Section 2 reviews relevant literature. Section 3 details the
methodology employed. Section 4 presents the data used in this study. Section 5 discusses the empirical results
along with practical implications arising from our model for portfolio management. Finally, section 6 provides
the concluding remarks of this study.

2. Literature review
The literature on cryptocurrencies has rapidly emerged over the last few years. The majority of past studies have
been reviewed in Corbet et al. (2019). This section therefore provides a brief review of related studies. Specifically,
we first present some empirical considerations on cryptocurrencies’ characteristics and then review past studies
on the jump and co-jumping behavior in cryptocurrency markets and explain the rationale behind our research
design.
Several past studies have investigated cryptocurrencies’ characteristics, revealing that cryptocurrency price
returns exhibit heavy distribution tails (Osterrieder and Lorenz 2017; Fry 2018; Gkillas and Katsiampa 2018;
Gkillas and Longin 2018; Phillip, Chan, and Peiris 2018), proneness to speculative bubbles (Cheah and Fry 2015;
Fry and Cheah 2016; Corbet et al. 2018; Fry 2018; Cretarola and Figà-Talamanca 2021), volatility (Katsiampa
2017; Phillip, Chan, and Peiris 2018; Shen, Urquhart, and Wang 2020; Baur and Dimpfl 2021), and persistence
(Caporale, Gil-Alana, and Plastun 2017; Bouri et al. 2019), among others. Several studies have also found that
cryptocurrency markets tend to be isolated from mainstream financial markets (see, e.g. Baur, Hong, and Lee
2017; Corbet et al. 2018; Bouri et al. 2020) but are interconnected with each other (Corbet et al. 2018; Yi, Xu,
and Wang 2018; Ji et al. 2019; Katsiampa 2019; Katsiampa, Corbet, and Lucey 2019a, 2019b; Wang and Ngene
2020; Mensi et al. 2020; Katsiampa, Yarovaya, and Zięba 2021; Mensi et al. 2021), with cryptocurrency users
facing undifferentiated risks (Gkillas and Katsiampa 2018). Interestingly, it has been shown that not only Bitcoin
spills over to altcoins but also altcoins spill over to Bitcoin. More specifically, Katsiampa, Corbet, and Lucey
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(2019b) and Wang and Ngene (2020) studied spillover effects between pairs of cryptocurrencies and found bidirectional shock transmission effects as well as bi-directional volatility spillovers between Bitcoin and altcoins.
Furthermore, Yi, Xu, and Wang (2018) found that cryptocurrencies with large market capitalization are more
likely to propagate volatility shocks to others but some less noticeable cryptocurrencies, such as Maidsafe Coin,
are also significant net transmitters of volatility connectedness and have even larger contribution of volatility
spillovers to others.
Nevertheless, despite the fact that cryptocurrencies have received substantial attention over the last few years,
the literature on cryptocurrencies’ jump behavior is rather limited, even though the impact of jumps occurring in financial time series has been widely explored in recent times (see, e.g. Barndorff-Nielsen and Shephard
2006; Evans 2011; Driessen and Maenhout 2013; Christensen, Oomen, and Podolskij 2014; Clements and Liao
2017; Caporin, Rossi, and Magistris 2015; Da Fonseca and Ignatieva 2019). Among the few studies of cryptocurrency jumps are those of Chaim and Laurini (2018), Gronwald (2019), Scaillet, Treccani, and Trevisan
(2020), and Shen, Urquhart, and Wang (2020). More specifically, Chaim and Laurini (2018) studied jumps in
Bitcoin returns and volatility and found that jumps in returns only have contemporaneous effects, whereas jumps
in volatility are permanent, while Gronwald (2019) using GARCH and jump-GARCH models found that the
price dynamics of Bitcoin are affected by extreme price movements with the effect being larger than that in the
crude oil and gold markets, and Shen, Urquhart, and Wang (2020) showed that the inclusion of jumps enhances
the predictive ability of heterogeneous autoregressive (HAR) models applied to Bitcoin and is therefore important when forecasting its volatility. Moreover, Scaillet, Treccani, and Trevisan (2020) used data from the Mt.
Gox exchange and found that, as opposed to large-cap stock markets, jumps in Bitcoin series are frequent. The
authors further showed that jumps have a direct positive effect in market activity and illiquidity while causing a persistent change in the price. Other studies of jumps in Bitcoin series include those of Hu, Härdle, and
Kuo (2019), Wang et al. (2019), Yu (2019), and Hung, Liu, and Yang (2020). Nonetheless, all of these studies considered only Bitcoin while excluding altcoins, which have been gaining in popularity over the last few
years.1
More importantly, though, cryptocurrencies’ co-jumping behavior still remains underexplored in the literature. To the best of the authors’ knowledge, only Bouri, Roubaud, and Shahzad (2020) have examined co-jumping
behavior in cryptocurrency markets. Specifically, Bouri, Roubaud, and Shahzad (2020) found significant jump
activity in the returns of all the cryptocurrencies considered in their study, and especially in Ripple, Bitcoin, and
Litecoin, as well as evidence of co-jumping behavior for most cryptocurrencies, indicating that the occurrence
of jumps in one cryptocurrency increases the likelihood of jumps occurring in other cryptocurrencies. However,
Bouri, Roubaud, and Shahzad (2020) examined only whether cryptocurrencies jump together without studying
any causal effects.2
Identifying causal links when large price movements take place is of high importance for risk management,
portfolio allocation as well as derivative pricing (Clements and Liao 2017), while the importance of studying
the effects of jumps and taking them into account when predicting volatility has been highlighted in several
studies (see, e.g. Eraker, Johannes, and Polson 2003; Eraker 2004; Corsi and Renò 2009). Indeed, Corsi and Renò
(2009) showed that jumps constitute a key endogenous component in the dynamics of financial market volatility.
They further highlighted not only that explicitly modeling jumps has a trimming impact on the dynamics of
the persistent volatility component but also that jumps have a positive and significant effect in future volatility.
Therefore, in our study, not only do we study how different types of jumps in one cryptocurrency affect the jump
component of another but we also assess the impact of co-jumps (i.e. jumps occurring in two cryptocurrency
markets simultaneously) on the ‘bad’ component of cryptocurrencies’ volatility.

3. Methodology
In this section, we discuss the methodology employed in our study. We start by presenting the novel model
approach proposed in our study. This model approach allows us to study asymmetric effects of various types
of jumps (i.e. total jumps, downside, upside, and asymmetric jumps, large and small jumps) and co-jumps in a
single model.3 Then, we discuss the tests employed to study the asymmetric effects of the various types of jumps.
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3.1. Model
In order to investigate the asymmetric effects not only of downside and upside jumps but also of small and large
jumps observed in the price process of one cryptocurrency in the jump component of another cryptocurrency,
we include four dummy variables representing each type of the aforementioned jumps in our model. We also
include one dummy variable to capture the impact of co-jumps (simultaneous jumps in the volatility processes
of two particular cryptocurrencies) as well as a variable to capture the impact of the realized correlation between
two cryptocurrencies. Consequently, our model for the asymmetric responses of cryptocurrency i to the various
jump components takes the following form
RJi,t = γ0 + δj− I{RJ + <RJ − } + δj+ I{RJ + >RJ − } + ψjs I{RJj,ts <E(RJj,ts )} + ψjl I{RJ l
j,t

+

K

k=1

j,t

γkrc RCi,j,t−k +

j,t

K


j,t

δk RJi,t−k + ut

l
j,t >E(RJj,t )}

+ γjco I{RJi,t >0} I{RJj,t >0}
(1)

k=1

where I{·} denotes an indicator function (dummy variable), RJi,t and RJj,t denote jumps in cryptocurrencies i and
+
−
and RJj,t
represent upside and downside jumps, respectively, in cryptocurrency j on
j, respectively, on day t, RJj,t
s and RJ l denote small and large jumps, respectively, in cryptocurrency j on day t. All these types
day t, while RJj,t
j,t
of jumps are defined as detailed in Appendix A. Furthermore, δj− and δj+ measure the direct effect of downside

and upside jumps, respectively, observed in cryptocurrency j on jumps in cryptocurrency i, and ψjs and ψjl
measure the direct effect of small and large jumps occurring in cryptocurrency j on jumps in cryptocurrency
i, accordingly, whereas γjco measures the direct effect of co-jumps, and γkrc denotes the effect of the realized
correlation (RCi,j,t−k ) between cryptocurrencies i and j. The model coefficients are estimated using the ordinary
least squares (OLS) method with heteroskedasticity and autocorrelation consistent (HAC) standard errors. The
number of lags, k, was selected according to the Akaike information criterion.
3.2. Tests for asymmetric response to jump components
Once the model parameters are estimated, we proceed with testing for asymmetric effects between different
types of jumps. First, we test for the equality of the direct effects of upside and downside jumps occurring in one
cryptocurrency on the jump behavior of other cryptocurrencies by testing the null hypothesis H0 : δ − − δ + = 0
using both a t-test statistic (T1 test) and an F-test statistic (F1 test). Second, we test for the equality of the direct
effects of small and large jumps occurring in one cryptocurrency on the jump part of other cryptocurrencies by
testing the null hypothesis H0 : ψ s − ψ l = 0 by employing a t-test statistic (T2 test) and an F-test statistic (F2
test), accordingly. Third, the direct effects of upside and downside jumps are compared to those of small and
large jumps using an F-test (F3 test), where the null hypothesis is H0 : δ − + δ + − ψ s − ψ l = 0. The latter test,
in particular, allows us to better understand whether the use of square transformations of positive and negative
intraday returns when attempting to model and understand risk is different from the jump decomposition into
small and large jumps technique implemented in Duong and Swanson (2011). Jumps add a source of risk and, as
noted by Granger (2008), ‘risk relates to an unfortunate event occurring, so for an investment, this corresponds
to a low, or even negative, return’. It is worth noting that simillar tests were performed in Apergis and Miller
(2006) and Koulakiotis, Kiohos, and Babalos (2015), albeit to answer different research questions.

4. Data
In our study, we restrict to cryptocurrencies with a market capitalization exceeding $5 billion that were in existence for over two years as of 30th June 2019. These criteria result in our dataset to comprise five cryptocurrencies,
namely Bitcoin (BTC), Ether (ETH), Ripple (XRP), Litecoin (LTC), and EOS. Specifically, our dataset consists
of intraday prices of the aforementioned cryptocurrencies at the hourly frequency and spans the period from 1st
July 2017–30th June 2019, thus covering a two-year period and 17,520 hourly observations.4 Using the intraday
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Figure 1. Cryptocurrencies’ total jumps.
Note: This Figure depicts the jumps in the ﬁve cryptocurrencies considered, namely Bitcoin, Ether, Litecoin, Ripple, and EOS, for the period from 1st July 2017–30th
June 2019 (730 observations).

price data, we calculate the daily realized volatility of each cryptocurrency as discussed in Appendix A, resulting
in each realized volatility series to have 730 observations.
Figure 1 illustrates the total jump series of the five cryptocurrencies considered over our sample period.
According to this figure, some of the largest jumps in all cryptocurrencies occurred during the second half of
2017 and in the beginning of 2018, while the size of the jumps has substantially decreased overall since then,
in particular throughout the most recent 2018-9 sample period. This is especially true for Bitcoin. The period
during which the largest jumps are observed coincides with the period when cryptocurrency markets received
increasing attention and witnessed remarkable price increases when Bitcoin’s price reached almost US $20,000
for the first time, while from the beginning of 2018 onwards all cryptocurrency prices gradually decreased. This
result is somewhat consistent with Bouri, Roubaud, and Shahzad (2020) who also found that most of the jumps
occurred in 2017–2018. It can also be noticed that the most frequent large jumps are observed in EOS. Overall,
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Table 1. Descriptive statistics of total jump series.

Mean
Median
Minimum
Maximum
Std. Dev.
Skewness
Kurtosis
Jarque-Bera
N

Bitcoin

Ether

Ripple

Litecoin

EOS

0.0005
0.0001
0
0.0153
0.0012
7.4276
80.9461
191511.9∗∗∗
730

0.0006
0.0002
0
0.0197
0.0015
6.5790
65.7113
124885.9∗∗∗
730

0.0009
0.0002
0
0.0371
0.0030
7.4026
68.5741
137457.5∗∗∗
730

0.0008
0.0002
0
0.0604
0.0027
15.9131
333.0877
3344946∗∗∗
730

0.0013
0.0003
0
0.0231
0.0025
4.0983
24.5054
16110.69∗∗∗
730

Notes: This Table reports descriptive statistics for the total jump series as deﬁned in Appendix A over the period from 1st July 2017–30th June 2019.
∗∗∗ denotes signiﬁcance at the 1% level.

both the size and occurrence of jumps appear to be more predictable during 2017 and in the beginning of 2018
than in the second half of our sample period, as indicated by their frequency.
The descriptive statistics of the total jump series for the five cryptocurrencies are reported in Table 1. Analyzing the distributional properties of cryptocurrencies’ jumps is of high importance to cryptocurrency users
and investors. It can be noticed that EOS exhibits the highest and Bitcoin the lowest mean jump value. The total
jump series of all the cryptocurrencies considered in our study exhibit a kurtosis value that is far larger than 3,
indicating that the distributions of all jump series have thicker tails than the normal distribution, with the distribution of Litecoin’s jump series, in particular, having the highest excess kurtosis. Moreover, all jump series are
positively skewed. As expected, the Jarque-Bera test provides evidence against the null hypothesis of normality
in all cryptocurrencies’ jump series. Given the descriptive statistics above, it is sensible to expect asymmetries
in the employed series.

5. Empirical results
This section presents our empirical results. First, we discuss the estimation results of the asymmetric jump model
applied to the cryptocurrencies considered in our study. Second, we discuss the results of the tests for asymmetric
effects between the different types of jumps. We, then, discuss the implications of our results in terms of optimal
portfolio construction. Finally, we extend our analysis by studying the impact of the different types of jumps
occurring in the S&P 500 equity index on the jump behavior of cryptocurrencies.
5.1. Estimation results
The estimation results of the asymmetric jump model presenting the impact of jumps occurring in Bitcoin on
the discontinuity component of the realized volatility of the four altcoins are reported in Table 2 (Panel A).
These include the estimated coefficients of downside, upside, small, and large Bitcoin jumps. According to the
results, although there are some discrepancies regarding the magnitude of the various jumps’ effects, we notice
rather similar results across the four altcoins considered. Specifically, downside, upside, and small jumps in
Bitcoin have a negative, and statistically significant at the 1% (Ether, Litecoin, and EOS) or 5% (Ripple) level,
impact on the discontinuity component of the realized volatility of all four altcoins. It is worth noting that, in
absolute terms, the largest magnitude of the effects of downside and upside jumps in Bitcoin is found for the
discontinuity component of the realized volatility of EOS, and the smallest magnitude is found for that of Ether.
More specifically, the estimated coefficient on downside jumps, δ − , in Bitcoin ranges from −0.0021 (EOS) to
−0.0006 (Ether), and the estimated coefficient on upside jumps, δ + , ranges from −0.0024 (EOS) to −0.0006
(Ether), whereas the estimated effect of small jumps (ψ s ) in Bitcoin ranges from −0.0014 (Ether) to −0.0007
(Ripple). On the other hand, large jumps in Bitcoin have a positive, and statistically significant at the 1% level,
effect on the discontinuity component of the realized volatility of all of the four altcoins considered, with the
estimated ψ l coefficient ranging between 0.0007 (Ether) and 0.0014 (Ripple). It is also worth noting that we
observe remarkable asymmetries in the magnitude between coefficients ψ s and ψ l across all the four models as
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Table 2. Eﬀects of jumps in Bitcoin on jumps in altcoins.
Ether

Ripple

−6.35e-04∗∗∗
(1.17e-04)
[−5.4194]
−6.44e-04∗∗∗
(1.47e-04)
[−4.3790]
−1.37e-03∗∗∗
(3.49e-04)
[−3.9248]
7.81e-04∗∗∗
(1.71e-04)
[4.5619]
8.47e-04∗∗∗
(1.15e-04)
[7.3428]
0.0383∗∗
(0.0170)
[2.2570]

−9.52e-04∗∗∗
(2.53e-04)
[−3.7689]
−1.07e-03∗∗∗
(2.34e-04)
[−4.5965]
−7.03e-04∗∗
(3.45e-04)
[−2.0358]
1.35e-03∗∗∗
(3.66e-04)
[3.6862]
1.45e-03∗∗∗
(2.40e-04)
[6.0472]
0.0267
(0.0203)
[1.3154]

1.3817
[0.1675]
29.394∗∗∗
[0.0000]
5.4217∗∗∗
[0.0000]
0.0044
[0.9473]
1.9091
[0.1675]

3.5585∗∗∗
[0.0004]
15.5133∗∗∗
[0.0001]
3.9387∗∗∗
[0.0001]
0.2279
[0.6332]
12.6632∗∗∗
[0.0004]

Litecoin

EOS

−7.39e-04∗∗∗
(1.61e-04)
[−4.5932]
−1.01e-03∗∗∗
(2.62e-04)
[−3.8435]
−7.39e-04∗∗∗
(1.61e-04)
[−4.5932]
1.08e-03∗∗∗
(3.16e-04)
[3.4138]
1.22e-03∗∗∗
(2.17e-04)
[5.6327]
0.1059∗∗∗
(0.0394)
[2.6869]

−2.13e-03∗∗∗
(4.02e-04)
[−5.2898]
−2.38e-03∗∗∗
(3.99e-04)
[−5.9621]
−1.11e-03∗∗∗
(3.00e-04)
[−3.6807]
1.23e-03∗∗∗
(2.38e-04)
[5.1746]
1.75e-03∗∗∗
(1.63e-04)
[10.708]
0.0703∗∗
(0.0285)
[2.4647]

2.2706∗∗
[0.0235]
29.2455∗∗∗
[0.0000]
5.4079∗∗∗
[0.0000]
0.9385
[0.3330]
5.1554∗∗
[0.0235]

2.4026∗∗
[0.0165]
11.4538∗∗∗
[0.0000]
131.19∗∗∗
[0.0000]
5.5012∗∗
[0.0193]
5.7726∗∗
[0.0165]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat

Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

Notes: This Table reports the estimated eﬀects (Panel A) and results of the tests for asymmetric eﬀects (Panel B) of jumps in
Bitcoin on jumps in Ether, Ripple, Litecoin, and EOS. δ − and δ + refer to the eﬀects of downside and upside jumps occurring
in Bitcoin, respectively, ψ s and ψ l refer to the eﬀects of small and large jumps occurring in Bitcoin, accordingly, γ co refers
to the eﬀect of jumps occurring in Bitcoin when jumps in both Bitcoin and the corresponding altcoin take place at the same
time, and γ rc refers to the eﬀect of the realized correlation between Bitcoin and the corresponding altcoin. All estimators are
Heteroskedasticity and Autocorrelation Consistent (HAC) robust. The asymmetric response of altcoins to downside and upside
jumps in Bitcoin is tested using the T1 and F1 tests, where the null hypothesis is H0 : δ − = δ + . The asymmetric response of
altcoins to the small and large jumps in Bitcoin is tested using the T2 and F2 tests, where the null hypothesis is H0 : ψ s = ψ l .
The asymmetric eﬀect of upside and downside jumps in Bitcoin and small and large jumps in Bitcoin is tested using the F3 test,
where the null hypothesis is H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ and ∗∗ indicate signiﬁcance at the 1% and 5% level, respectively.

well as between coefficients δ − and δ + for Litecoin, a fact that justifies the importance of testing for significant
asymmetries between the different jumps.
Furthermore, our results reveal that co-jumps between Bitcoin and altcoins have a positive and significant at
the 1% level impact on the discontinuity component of the realized volatility of all the altcoins, with the estimated coefficient γ co ranging from 0.0008 (Ether) to 0.0018 (EOS). This finding is to some extent in line with
Bouri, Roubaud, and Shahzad (2020) who also found evidence of co-jumping behavior between cryptocurrencies. Similarly, we find that the realized correlation between Bitcoin and altcoins has a positive and statistically
significant impact on the jump behavior of altcoins. The only exception to this constitutes the impact of the
realized correlation between Bitcoin and Ripple on the jump component of Ripple, which, although positive, is
not significant at any conventional level of significance.
Table 3 (Panel A) presents the estimation results of our model illustrating the impact of jumps occurring in
altcoins on the discontinuity component of the realized volatility of Bitcoin, accordingly. Upside and small jumps
in altcoins are similarly found to have a negative, and statistically significant at the 1% level, impact on the jump
behavior of Bitcoin, with the estimated effect of upside jumps (δ + ) ranging from −0.0008 (EOS) to −0.0005
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Table 3. Eﬀects of jumps in altcoins on jumps in Bitcoin.
Ether

Ripple

−4.53e-04∗∗∗
(8.67e-05)
[−5.2270]
−5.68e-04∗∗∗
(1.10e-04)
[−51524]
−7.82e-04∗∗∗
(1.66e-04)
[−4.7162]
7.63e-04∗∗∗
(1.44e-04)
[5.3110]
6.12e-04∗∗∗
(9.4e-05)
[6.5037]
0.0312∗∗
(0.0137)
[2.2696]

−4.08e-04∗∗∗
(7.94e-05)
[−5.1349]
−4.81e-04∗∗∗
(8.52e-05)
[−5.6513]
−6.59e-04∗∗∗
(2.53e-04)
[−2.6091]
7.32e-04∗∗∗
(1.84e-04)
[3.9794]
6.33e-04∗∗∗
(7.08e-05)
[8.1080]
0.0289∗∗
(0.0129)
[2.2403]

7.3158∗∗∗
[0.0000]
53.521∗∗∗
[0.0000]
−1.0901
[0.2760]
1.1885
[0.2760]
9.3408∗∗∗
[0.0023]

4.5044∗∗∗
[0.0000]
20.289∗∗∗
[0.0000]
−0.8037
[0.4218]
0.6460
[0.4218]
6.6785∗∗
[0.0100]

Litecoin

EOS

−3.84e-04∗∗∗
(7.9oe-05)
[−4.8609]
−6.32e-04∗∗∗
(1.16-04)
[−5.4586]
−9.66-04∗∗∗
(2.82e-04)
[−3.4261]
7.94e-04∗∗∗
(1.47e-04)
[5.4003]
5.59e-04∗∗∗
(8.06e-05)
[6.9342]
0.0307∗∗∗
(0.0105)
[2.9093]

7.26e-04∗∗∗
(1.38e-04)
[−5.2770]
−7.74e-04∗∗∗
(1.43e-04)
[−5.3611]
−6.59e-04∗∗∗
(2.02e-04)
[−3.2588]
5.18e-04∗∗∗
(1.17e-04)
[4.4367]
6.17e-04∗∗∗
(8.99e-05)
[6.8562]
0.0286∗∗∗
(9.64e-03)
[2.9723]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat

Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

4.5584∗∗∗
[0.0000]
20.779∗∗∗
[0.0000]
−2.2840∗∗
[0.0227]
5.2169∗∗
[0.0227]
10.185∗∗∗
[0.0015]

4.9705∗∗∗
[0.0000]
24.706∗∗∗
[0.0000]
−0.4593
[0.6461]
0.2109
[0.6461]
13.185∗∗∗
[0.0003]

Notes: This Table reports the estimated eﬀects (Panel A) and results of the tests for asymmetric
eﬀects (Panel B) of jumps in each altcoin on jumps in Bitcoin. δ − and δ + refer to the eﬀects of
downside and upside jumps occurring in altcoins, respectively, ψ s and ψ l refer to the eﬀects of
small and large jumps occurring in altcoins, accordingly, γ co refers to the eﬀect of jumps occurring in each altcoin when jumps in both Bitcoin and the corresponding altcoin take place at the
same time, and γ rc refers to the eﬀect of the realized correlation between Bitcoin and the corresponding altcoin. All estimators are Heteroskedasticity and Autocorrelation Consistent (HAC)
robust. The asymmetric response of Bitcoin to downside and upside jumps in altcoins is tested
using the T1 and F1 tests, where the null hypothesis is H0 : δ − = δ + . The asymmetric response
of Bitcoin to the small and large jumps in altcoins is tested using the T2 and F2 tests, where the
null hypothesis is H0 : ψ s = ψ l . The asymmetric eﬀect of upside and downside jumps in an
altcoin and small and large jumps in the same altcoin is tested using the F3 test, where the
null hypothesis is H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ and ∗∗ indicate signiﬁcance at the 1% and 5%
level, respectively.

(Ripple), and the estimated impact of small jumps (ψ s ) ranging between −0.0010 (Litecoin) and −0.0007 (EOS
and Ripple). Furthermore, with the exception of EOS, downside jumps in altcoins also have a negative and
significant at the 1% level effect on the jump component of Bitcoin. On the other hand, downside jumps in EOS
have a positive and significant at the 1% level impact on jumps in Bitcoin, which interestingly has the highest
magnitude in absolute terms (0.0007). Moreover, similar to the impact of large jumps occurring in Bitcoin on
the jump behavior of altcoins, large jumps in altcoins also have a positive and significant effect on Bitcoin jumps,
with their estimated effect (ψ l ) ranging from 0.0005 (EOS) to 0.0008 (Litecoin). In addition, irrespective of the
altcoin under consideration, co-jumps between altcoins and Bitcoin have a positive and significant at the 1%
level impact on the jump behavior of Bitcoin, with the estimated coefficient on co-jumps, γ co , being equal to
around 0.0006 in all models, whereas the effect of the realized correlation between altcoins and Bitcoin, γ rc , is
also positive and significant at the 5% level, ranging from 0.0286 (EOS) to 0.0312 (Ether).
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Table 4. Eﬀects of jumps in altcoins on jumps in Ether.
Ripple

Litecoin

EOS

−8.93e-04∗∗∗
(1.46e-04)
[−6.1370]
−8.03e-04∗∗∗
(1.29e-04)
[−6.2114]
−1.42e-04∗∗
(5.87e-04)
[−2.4328]
9.84e-04∗∗∗
(2.36e-04)
[4.1716]
1.34e-03∗∗∗
(1.47e-04)
[7.7201]
0.0221∗
(0.012660)
[1.7522]

−5.84e-04∗∗∗
(1.04e-04)
[−5.6190]
−7.32e-04∗∗∗
(1.52e-04)
[−4.8141]
−1.42e-03∗∗∗
(4.31e-04)
[−3.3116]
8.60e-04∗∗∗
(1.98e-04)
[4.3394]
7.80e-04∗∗∗
(9.82e-05)
[7.9389]
0.0321∗∗
(0.0135)
[2.3778]

−9.00e-04∗∗∗
(1.63e-04)
[−5.5097]
−8.89e-04∗∗∗
(1.78 e-04)
[−5.0072]
−8.74e-04∗∗∗
(2.90e-04)
[−3.0131]
7.26e-04∗∗∗
(1.77e-04)
[4.0993]
1.01e-03∗∗∗
(1.30e-04)
[7.7615]
0.0301∗∗
(0.0121)
[2.4880]

0.9162
[0.3599]
0.8394
[0.3599]
3.9368∗∗∗
[0.0001]
15.4984∗∗∗
[0.0001]
2.8742∗
[0.0904]

−1.1192
[0.2634]
1.2527
[0.2634]
4.4701∗∗∗
[0.0000]
19.9825∗∗∗
[0.0000]
2.3322
[0.1272]

0.0956
[0.9238]
9.15e-03
[0.9238]
5.6111∗∗∗
[0.0000]
31.4848∗∗∗
[0.0000]
8.8349∗∗∗
[0.0031]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat
Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

Notes: This Table reports the estimated eﬀects (Panel A) and results of the tests
for asymmetric eﬀects (Panel B) of jumps in each altcoin on jumps in Ether. δ −
and δ + refer to the eﬀects of downside and upside jumps occurring in altcoins,
respectively, ψ s and ψ l refer to the eﬀects of small and large jumps occurring
in altcoins, accordingly, γ co refers to the eﬀect of jumps occurring in each altcoin when jumps in both Ether and the corresponding altcoin take place at
the same time, and γ rc refers to the eﬀect of the realized correlation between
Ether and the corresponding altcoin. All estimators are Heteroskedasticity and
Autocorrelation Consistent (HAC) robust. The asymmetric response of Ether
to downside and upside jumps in altcoins is tested using the T1 and F1 tests,
where the null hypothesis is H0 : δ − = δ + . The asymmetric response of Ether
to the small and large jumps in altcoins is tested using the T2 and F2 tests,
where the null hypothesis is H0 : ψ s = ψ l . The asymmetric eﬀect of upside
and downside jumps in an altcoin and small and large jumps in the same altcoin is tested using the F3 test, where the null hypothesis is H0 : δ − + δ + =
ψ s + ψ l . ∗∗∗ , ∗∗ and ∗ indicate signiﬁcance at the 1%, 5% and 10% level,
respectively.

We have also applied our asymmetric jump model to pairs of altcoins. Tables 4–7 (Panel A) report the estimation results presenting the impact of jumps occurring in each altcoin on the discontinuity component of the
realized volatility of the other three altcoins.5 Similar to the earlier findings on the effects of jumps occurring
in Bitcoin on the jump behavior of altcoins, and vice versa, we find that downside (δ − ), upside (δ + ), and small
(ψ s ) jumps in each altcoin all have a negative and statistically significant impact on the discontinuity component of the realized volatility of other altcoins, and that large jumps (ψ l ) and co-jumps (γ co ) have a positive and
significant impact on the jump component of other altcoins. Similarly, realized correlations (γ rc ) have a positive
and statistically significant impact on the discontinuity component of the realized volatility of Ether, Litecoin,
and EOS, but an insignificant effect on Ripple’s jump behavior.
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Table 5. Eﬀects of jumps in altcoins on jumps in Ripple.
Ether

Litecoin

EOS

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat

−1.50e-03∗∗∗
(3.51e-04)
[−4.2825]
−1.81e-03∗∗∗
(4.12e-04)
[−4.4177]
−9.73e-04∗∗
(4.45e-04)
[−2.1859]
1.16e-03∗∗∗
(2.83e-04)
[4.1147]
1.08e-03∗∗∗
(1.89e-04)
[5.7144]
8.68e-03
(0.0124)
[0.6976]

T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

−1.4733
[0.1411]
2.1707
[0.1411]
3.6122∗∗∗
[0.0003]
13.0480∗∗∗
[0.0003]
13.7425∗∗∗
[0.0002]

−1.50e-03∗∗∗
(2.93e-04)
[−3.4774]
−1.73e-03∗∗∗
(3.57e-04)
[−4.8766]
−8.04e-04∗
(4.44e-04)
[−1.8207]
1.53e-03∗∗∗
(3.43e-04)
[4.4661]
1.15e-03∗∗∗
(1.83e-04)
[6.3170]
−0.0146
(0.0306)
[−0.4778]

−1.65e-03∗∗∗
(3.82e-04)
[−4.3254]
−1.90e-03∗∗∗
(4.06e-04)
[−4.6938]
−4.95e-04∗∗
(2.37e-04)
[−2.0929]
9.71e-04∗∗∗
(2.56e-04)
[3.7957]
1.15e-03∗∗∗
(1.66e-04)
[6.9489]
0.0247
(0.0171)
[1.4483]

Panel B
−2.5529∗∗
[0.0109]
6.5175∗∗
[0.0109]
3.8206∗∗∗
[0.0001]
14.5969∗∗∗
[0.0001]
16.0192∗∗∗
[0.0001]

−1.3938
[0.1638]
1.9429
[0.1638]
4.7700∗∗∗
[0.0000]
22.753∗∗∗
[0.0000]
19.5624∗∗∗
[0.0000]

Notes: This Table reports the estimated eﬀects (Panel A) and results of the
tests for asymmetric eﬀects (Panel B) of jumps in each altcoin on jumps
in Ripple. δ − and δ + refer to the eﬀects of downside and upside jumps
occurring in altcoins, respectively, ψ s and ψ l refer to the eﬀects of small
and large jumps occurring in altcoins, accordingly, γ co refers to the eﬀect
of jumps occurring in each altcoin when jumps in both Ripple and the
corresponding altcoin take place at the same time, and γ rc refers to the
eﬀect of the realized correlation between Ripple and the corresponding
altcoin. All estimators are Heteroskedasticity and Autocorrelation Consistent (HAC) robust. The asymmetric response of Ripple to downside
and upside jumps in altcoins is tested using the T1 and F1 tests, where
the null hypothesis is H0 : δ − = δ + . The asymmetric response of Ripple to the small and large jumps in altcoins is tested using the T2 and F2
tests, where the null hypothesis is H0 : ψ s = ψ l . The asymmetric eﬀect
of upside and downside jumps in an altcoin and small and large jumps in
the same altcoin is tested using the F3 test, where the null hypothesis is
H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ , ∗∗ and ∗ indicate signiﬁcance at the 1%,
5% and 10% level, respectively.

Our findings have therefore revealed significant effects of the different types of jumps observed in Bitcoin and
altcoins on the jump behavior of other cryptocurrencies. Consequently, our results are in accordance with prior
evidence of volatility connectedness among major cryptocurrencies and significant spillover effects not only
from Bitcoin to altcoins but also from altcoins to Bitcoin as well as between altcoins (see, e.g. Corbet et al. 2018;
Yi, Xu, and Wang 2018; Ji et al. 2019; Katsiampa, Corbet, and Lucey 2019a,b; Wang and Ngene 2020; Katsiampa,
Yarovaya, and Zięba 2021; Mensi et al. 2021). In addition, our findings show that co-jumps in cryptocurrencies
have a positive and significant effect in cryptocurrency jumps. Although Bouri, Roubaud, and Shahzad (2020)
also found evidence of co-jumping behavior between cryptocurrencies, our results suggest that this co-jumping
behavior can trigger future jumps. Moreover, in contrast with Bouri, Roubaud, and Shahzad (2020) who found
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Table 6. Eﬀects of jumps in altcoins on jumps in Litecoin.
Ether

Ripple

EOS

−9.17e-04∗∗∗
(2.39e-04)
[−3.8354]
−8.88e-04∗∗∗
(1.56e-04)
[−5.6867]
−1.48e-03∗∗∗
(4.93e-04)
[−3.0190]
1.25e-03∗∗∗
(4.40e-04)
[2.8490]
1.36e-03∗∗∗
(2.45e-04)
[5.5872]
0.0489∗∗∗
(0.012645)
[3.871115]

−1.24e-03∗∗∗
(3.57e-04)
[−3.4842]
−1.08e03∗∗∗
(3.60e-04)
[−3.0056]
−6.98e-04∗∗∗
(2.45e-04)
[−2.8483]
6.54e-04∗∗∗
(1.85e-04)
[3.5451]
1.09e-03∗∗∗
(1.38e-04)
[7.9629]
0.0494∗∗∗
(0.0138)
[3.5583]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat

−7.52e-04∗∗∗
(1.38e-04)
[−5.4673]
−1.02e-03∗∗∗
(3.05e-04)
[−3.3645]
−1.15e-03∗∗∗
(3.41e-04)
[−3.3840]
1.23e-03∗∗∗
(4.09e-04)
[3.0087]
1.25e-03∗∗∗
(2.23e-04)
[5.6224]
0.0572∗∗∗
(0.0168)
[3.3890]

Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

−0.8135
[0.4162]
0.6617
[0.4162]
6.3282∗∗∗
[0.0000]
40.0466∗∗∗
[0.0000]
4.2762∗∗
[0.0390]

0.1750
[0.8611]
0.0306
[0.8611]
4.3966∗∗∗
[0.0000]
19.330∗∗∗
[0.0000]
2.8127∗
[0.0940]

1.3339
[0.1827]
1.7793
[0.1827]
4.5178∗∗∗
[0.0000]
20.4111∗∗∗
[0.0000]
8.6414∗∗∗
[0.0034]

Notes: This Table reports the estimated eﬀects (Panel A) and results of the tests
for asymmetric eﬀects (Panel B) of jumps in each altcoin on jumps in Litecoin.
δ − and δ + refer to the eﬀects of downside and upside jumps occurring in altcoins, respectively, ψ s and ψ l refer to the eﬀects of small and large jumps
occurring in altcoins, accordingly, γ co refers to the eﬀect of jumps occurring
in each altcoin when jumps in both Litecoin and the corresponding altcoin
take place at the same time, and γ rc refers to the eﬀect of the realized correlation between Litecoin and the corresponding altcoin. All estimators are
Heteroskedasticity and Autocorrelation Consistent (HAC) robust. The asymmetric response of Litecoin to downside and upside jumps in altcoins is tested
using the T1 and F1 tests, where the null hypothesis is H0 : δ − = δ + . The
asymmetric response of Litecoin to the small and large jumps in altcoins is
tested using the T2 and F2 tests, where the null hypothesis is H0 : ψ s = ψ l .
The asymmetric eﬀect of upside and downside jumps in an altcoin and small
and large jumps in the same altcoin is tested using the F3 test, where the null
hypothesis is H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ , ∗∗ and ∗ indicate signiﬁcance at
the 1%, 5% and 10% level, respectively.

that jumps in some cryptocurrencies such as Ripple are disjointed from other cryptocurrencies, we have found
interdependencies between all the cryptocurrency pairs considered.
5.2. Test results for asymmetric response to jump components
In this sub-section, we discuss the results of the statistical tests for asymmetric effects of the various jumps.
With regard to testing for asymmetric responses of jumps in altcoins to jumps occurring in Bitcoin (Table 2,
Panel B), we notice that both the t- (T1 ) and F- (F1 ) test statistics suggest the rejection of the null hypothesis of
equality of the effects of downside and upside jumps in Bitcoin (H0 : δ − − δ + = 0) - in favor of the alternative
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Table 7. Eﬀects of jumps in altcoins on jumps in EOS.
Ether

Ripple

Litecoin

−1.42e-03∗∗∗
(2.42e-04)
[−5.8692]
−1.78e-03∗∗∗
(2.63e-04)
[−6.7821]
−1.39e-03∗∗
(5.62e-04)
[−2.4884]
1.40e-03∗∗∗
(2.84e-04)
[4.9325]
2.06e-03∗∗∗
(1.91e-04)
[10.8214]
0.0581∗∗∗
(0.0191)
[3.0304]

−1.62e-03∗∗∗
(2.85e-04)
[−5.7028]
−2.01e-03∗∗∗
(3.34e-04)
[−6.0378]
−1.10e-03∗∗∗
(3.76e-04)
[−2.9293]
1.41e-03∗∗∗
(2.63e-04)
[5.3654]
1.66e-03∗∗∗
(1.66e-04)
[10.0548]
0.0591∗∗
(0.0252)
[2.3416]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat
γ rc
s.e
t-stat

−1.62e-03∗∗∗
(2.76e-04)
[−5.9057]
−1.82e-03∗∗∗
(2.87e-04)
[−6.3651]
−1.51e-03∗∗∗
(3.34e-04)
[−4.5326]
1.43e-03∗∗∗
(2.53e-04)
[5.655937]
1.53e-03∗∗∗
(1.69e-04)
[9.1028]
0.0684∗∗∗
(0.0249)
[2.7402]

Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

−1.1140
[0.2656]
1.2411
[0.2656]
7.7456∗∗∗
[0.0000]
59.9951∗∗∗
[0.0000]
20.8655∗∗∗
[0.0000]

−2.2287∗∗
[0.0261]
4.9673∗∗
[0.0261]
4.4392∗∗∗
[0.0000]
19.7071∗∗∗
[0.0000]
17.029∗∗∗
[0.0000]

−2.2806∗∗
[0.0229]
5.2015∗∗
[0.0229]
5.4848∗∗∗
[0.0000]
30.0831∗∗∗
[0.0000]
26.2906∗∗∗
[0.0000]

Notes: This Table reports the estimated eﬀects (Panel A) and results of the
tests for asymmetric eﬀects (Panel B) of jumps in each altcoin on jumps in
EOS. δ − and δ + refer to the eﬀects of downside and upside jumps occurring in altcoins, respectively, ψ s and ψ l refer to the eﬀects of small and
large jumps occurring in altcoins, accordingly, γ co refers to the eﬀect of
jumps occurring in each altcoin when jumps in both EOS and the corresponding altcoin take place at the same time, and γ rc refers to the
eﬀect of the realized correlation between EOS and the corresponding
altcoin. All estimators are Heteroskedasticity and Autocorrelation Consistent (HAC) robust. The asymmetric response of EOS to downside and
upside jumps in altcoins is tested using the T1 and F1 tests, where the
null hypothesis is H0 : δ − = δ + . The asymmetric response of EOS to the
small and large jumps in altcoins is tested using the T2 and F2 tests,
where the null hypothesis is H0 : ψ s = ψ l . The asymmetric eﬀect of
upside and downside jumps in an altcoin and small and large jumps in
the same altcoin is tested using the F3 test, where the null hypothesis
is H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ and ∗∗ indicate signiﬁcance at the 1%
and 5% level, respectively.

hypothesis of statistically different downside and upside jump coefficients - for Ripple, Litecoin, and EOS, thus
revealing significant asymmetric responses of the three altcoins to downside and upside jumps in Bitcoin. It is
worth noting that the same conclusion can also be reached for Ether based on the F1 test but not based on the
T1 test. The t-test (T2 ) results further suggest the rejection of the null hypothesis of equality between the effects
of small and large jumps in Bitcoin (H0 : ψ s − ψ l = 0) at the 1% level for all four altcoins, therefore indicating
significant asymmetric responses of altcoin jumps to small and large jumps occurring in Bitcoin. However, the Ftest statistic (F2 ) provides consistent results only for EOS. In addition, the F-test statistic (F3 ) results suggest the
rejection of the null hypothesis of equality between the sum of the coefficients of upside and downside jumps and
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the sum of the coefficients of small and large jumps in Bitcoin (H0 : δ − + δ + − ψ s − ψ l = 0) at the 5% level for
all altcoins except for Ether, thus revealing that the total effect of downside and upside jumps observed in Bitcoin
is significantly different from the sum of the effects of small and large Bitcoin jumps (δ − + δ + = ψ s + ψ l ) in
the case of Ripple, Litecoin, and EOS.
When testing for asymmetric effects of jumps occurring in altcoins on the jump behavior of Bitcoin
(Table 3, Panel B), the null hypothesis of equality of the effects of downside and upside jumps in altcoins
(H0 : δ − − δ + = 0) is rejected at the 1% level of significance according to both the T1 and F1 test statistics,
irrespective of the altcoin under consideration, therefore indicating significant asymmetric responses of Bitcoin
jumps to downside and upside jumps in altcoins, similar to what we found for most altcoins’ responses to downside and upside jumps in Bitcoin. On the other hand, the T2 and F2 test results suggest the rejection of the null
hypothesis of equality between the effects of small and large jumps in altcoins (H0 : ψ s − ψ l = 0) only in the
case of Litecoin. Finally, the F3 test results suggest the rejection of the null hypothesis of equality between the
sum of the coefficients of upside and downside jumps in an altcoin and the sum of the coefficients of small and
large jumps in the same altcoin (H0 : δ − + δ + − ψ s − ψ l = 0), irrespective of the altcoin under consideration.
We therefore observe significant asymmetries between the sum of the effects of upside and downside jumps and
the sum of the effects of small and large jumps in altcoins.
As for the test results for asymmetric responses of jumps in one altcoin to jumps occurred in other altcoins
(Tables 4–7, Panel B)6 , we notice that both the T2 and F2 test statistics suggest the rejection of the null hypothesis
of equality of the effects of small and large altcoin jumps (H0 : ψ s − ψ l = 0) at the 1% level in all cases. On the
other hand, according to the results of the T1 and F1 test statistics, we only find significant asymmetric responses
of jumps in Ripple to downside and upside jumps in Litecoin as well as of jumps in EOS to downside and upside
jumps in Ripple and Litecoin. Yet, the F3 test results suggest asymmetries between the sum of the effects of upside
and downside jumps and the sum of the effects of small and large jumps in almost all cases.
5.3. Practical implications
In this sub-section, we assess the practical implications of jumps in the cryptocurrencies considered in our study
for portfolio management. From a practical perspective, we take the viewpoint of investors who are exposed to
downside jump risk occurred in cryptocurrency markets and who are always aware of their portfolio performance. In particular, we assume that investors, who have a position in Bitcoin and are interested in including
other cryptocurrencies in their portfolio either for investment or portfolio allocation, maintain an acceptable
level of downside risk. The decision to include other cryptocurrencies is directly linked to performance and
risk relative to the mandated benchmark. The findings discussed above indicate that the ‘bad’ component of
volatility of the altcoins considered (i.e. Ether, Litecoin, Ripple, and EOS) are sensitive to downside jumps in
Bitcoin raising the downside risk. For this reason, we investigate the performance of a portfolio comprising the
five cryptocurrencies considered in this study (Bitcoin, Ether, Litecoin, Ripple, and EOS) by using the Sortino
ratio as a measure. Specifically, we calculate the Sortino ratio as the average excess return relative to the downside deviation, presented in detail in Appendix B. Sortino and Price (1994) showed that the Sortino ratio is a
minimum acceptable return of the threshold minAR (see Appendix B), where the portfolio produces unfavorable
outcomes below the minAR threshold. As the risk is associated with unfavorable outcomes, returns below the
minAR are associated with risk. The Sortino ratio is preferred on theoretical grounds as it measures risk in terms
of underperformance relative to a predefined benchmark. In other words, the Sortino ratio allows us to calculate
Table 8. Asset allocation based on the Sortino ratio.
Optimal

Portfolio

Weights

Sortino Ratio

Mean

Bitcoin

Ether

Litecoin

Ripple

EOS

0.0611

0.0019

0.9120

0.0100

0.0220

0.0450

0.0110

Notes: This Table presents the optimal Sortino ratio and mean portfolio return as well as the weights of the optimal portfolio consisting of the ﬁve
cryptocurrencies considered in our study, i.e. Bitcoin, Ether, Litecoin, Ripple, and EOS, over the period from 1st July 2017–30th June 2019.
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the risk adjusted return of a portfolio. Therefore, first, we apply the Sortino ratio to a portfolio consisting of the
five cryptocurrencies considered in our study (Bitcoin, Ether, Litecoin, Ripple, and EOS). Second, we also apply
the Sortino ratio in a rolling window of 365 days to our constructed portfolio. Third, we present our empirical
results for optimal allocation.
Table 8 reports the results of the Sortino ratio and the optimal weights of the cryptocurrencies to define
the optimal portfolio consisting of the five cryptocurrencies. According to the results, the optimal portfolio is
constructed with weights equal to 91.2% for Bitcoin, 1.0% for Ether, 2.2% for Litecoin, 4.5% for Ripple, and
1.1% for EOS. The optimal mean of the return is equal to 0.0019, with the Sortino ratio being equal to 0.0611,
indicating that 6.11% of the portfolio consisting of these five cryptocurrencies should be on altcoins rather than
Bitcoin, with an average return of 0.19%. The optimal portfolio weight for Bitcoin is thus remarkably high. These

Figure 2. Optimal mean and Sortino ratio in a rolling window.
Note: These Figures depict the optimal mean portfolio return and optimal Sortino ratio of the portfolio consisting of the ﬁve cryptocurrencies considered, namely
Bitcoin, Ether, Litecoin, Ripple, and EOS, in a rolling window application for the period from 1st July 2018–30th June 2019 (365 observations).
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results therefore suggest that in portfolios consisting of cryptocurrencies, investors should hold mostly Bitcoin.
This result is consistent with Katsiampa (2019) who also found that the optimal proportion invested in Bitcoin
should outweigh Ether but is in contrast with Mensi et al. (2020) who found that investors should hold less
Bitcoin than Ether, Litecoin, or Ripple. However, the low value of the Sortino ratio indicates the high downside
deviation.
Finally, the Sortino ratio measures of the optimal portfolio consisting of the five cryptocurrencies considered
in our study, i.e. the optimal mean and optimal Sortino ratio, are depicted in Figure 2 in a rolling window of 365
days, while Figure 3 illustrates the corresponding weights of the optimal portfolio of the five cryptocurrencies in
our rolling window application, showing how the weights of the optimal portfolio change over the sample period.
Jumps reflect a local source of non-diversifiable risk in volatility. Among others, it can be inferred that when
cryptocurrencies’ jump frequency is increased (e.g. in the first part of our sample period), the portfolio weight
for Bitcoin, which is the least risky cryptocurrency as shown in past studies (see, e.g. Gkillas and Katsiampa
2018), is remarkably high, taking its high performance during the beginning of our sample period into account.
In contrast, Ripple’s weight exhibits remarkable increases at the end of 2018 and in the beginning of 2019 which,

Figure 3. Weights of the optimal portfolio in a rolling window.
Note: This Figure depicts the weights of the optimal portfolio consisting of the ﬁve cryptocurrencies considered in our study, namely Bitcoin, Ether, Litecoin, Ripple,
and EOS, in a rolling window application for the period from 1st July 2018–30th June 2019 (365 observations).
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however, substantially drops when Ripple exhibits jumps. On the other hand, Ether’s weights remain rather
stable.

5.4. Further results
Finally, we extend our analysis by studying the impact of different types of jumps occurring in mainstream
financial assets, and in particular in the S&P 500 equity index7 , on the discontinuity component of the realized
volatility of cryptocurrencies, given the growing interest in the relationship between cryptocurrencies and traditional financial markets in the literature (see, e.g. Baur, Hong, and Lee 2017; Bouri et al. 2018, 2020; Corbet
et al. 2018, 2020; Dahir et al. 2020; Maghyereh and Abdoh 2020; Okorie and Lin 2020). The empirical results are
reported in Table 9 (Panel A).8
The results reveal that upside jumps in the S&P 500 index have a negative and statistically significant impact
on the discontinuity component of the realized volatility of all five cryptocurrencies. Interestingly, the largest
magnitude of the effects of upside jumps in the S&P 500 index is found for Ripple and the smallest for Bitcoin

Table 9. Eﬀects of jumps in the S&P 500 equity index on jumps in cryptocurrencies.
Bitcoin

Ether

−4.57e-04∗∗
(1.78e-04)
[−2.5706]
−5.44e-04∗∗∗
(1.74e-04)
[−3.1318]
1.24 e-04
(1.01e-04)
[1.2384]
−5.79e-05
1.41e-04
[−0.4101]
6.41 e-04∗∗∗
(1.56 e-04)
[4.1161]

−6.14e-04∗∗∗
(2.04e-04)
[−3.0155]
−5.82e-04∗∗∗
(2.04e-04)
[−2.8528]
7.77e-05
(1.3e-04)
[0.5980]
−1.48e-04
(1.82e-04)
[−0.8089]
9.66e-04∗∗∗
(1.78e-04)
[5.4367]

Ripple

Litecoin

EOS

−5.93e-04
(3.69e-04)
[−1.6051]
−1.35e-03∗∗∗
(3.81e-04)
[−3.5598]
7.66e-04∗∗∗
(2.60e-04)
[2.9503]
−1.65e-04
(3.62e-04)
[−0.4568]
1.74e-03∗∗∗
(3.24e-04)
[−1.6051]

−5.60e-04
(3.73e-04)
[−1.4998]
−9.32e-04∗∗
(3.89e-04)
[−2.3969]
2.15e-04
(2.37e-04)
[0.9089]
−2.52e-04
(3.30e-04)
[−0.7631]
1.26e-03∗∗∗
(3.28e-04)
[3.8507]

−1.18e-03∗∗∗
(3.28e-04)
[−3.6247]
−8.16e-04∗∗
(3.49e-04)
[−2.340142]
3.21e-05
(2.14e-04)
[0.1497]
−6.15e-04∗∗
(2.99e-04)
[−2.0539]
1.96e-03∗∗∗
(2.93e-04)
[6.6807]

−1.2866
[0.1986]
1.6555
[0.1986]
−1.1574
[0.2475]
1.3396
[0.2475]
2.3765
[0.1236]

1.4198
[0.1561]
2.0159
[0.1561]
−1.7681∗
[0.0775]
3.1264∗
[0.0775]
2.8915∗
[0.0895]

Panel A
δ−
s.e
t-stat
δ+
s.e
t-stat
ψs
s.e
t-stat
ψl
s.e
t-stat
γ co
s.e
t-stat

Panel B
T1
p-value
F1
p-value
T2
p-value
F2
p-value
F3
p-value

−0.6951
[0.4872]
0.4832
[0.4872]
−1.0603
[0.2893]
1.1244
[0.2893]
6.5119∗∗
[0.0109]

0.1998
[0.8416]
0.0399
[0.8416]
−1.0103
[0.3127]
1.0207
[0.3127]
5.0645∗∗
[0.0247]

−2.3970∗∗
[0.0168]
5.7458∗∗
[0.0168]
−2.1057∗∗
[0.0356]
4.4340∗∗
[0.0356]
7.0662∗∗∗
[0.0080]

Notes: This Table reports the estimated eﬀects (Panel A) and results of the tests for asymmetric eﬀects (Panel B) of
jumps in the S&P 500 index on jumps in cryptocurrencies. δ − and δ + refer to the eﬀects of downside and upside
jumps occurring in the S&P 500 index, respectively, ψ s and ψ l refer to the eﬀects of small and large jumps occurring
in the S&P 500 index, accordingly, and γ co refers to the eﬀect of jumps occurring in the S&P 500 index when jumps
in both the S&P 500 index and the corresponding cryptocurrency take place at the same time. All estimators are
Heteroskedasticity and Autocorrelation Consistent (HAC) robust. The asymmetric response of cryptocurrencies to
downside and upside jumps in the S&P 500 index is tested using the T1 and F1 tests, where the null hypothesis is
H0 : δ − = δ + . The asymmetric response of cryptocurrencies to the small and large jumps in the S&P 500 index is
tested using the T2 and F2 tests, where the null hypothesis is H0 : ψ s = ψ l . The asymmetric eﬀect of upside and
downside jumps in the S&P 500 index and small and large jumps in the index is tested using the F3 test, where
the null hypothesis is H0 : δ − + δ + = ψ s + ψ l . ∗∗∗ , ∗∗ and ∗ indicate signiﬁcance at the 1%, 5% and 10% level,
respectively.
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in absolute terms. Downside jumps in the S&P 500 index have similarly negative effects which are, however, significant only for Bitcoin, Ether, and EOS, with the largest magnitude in absolute terms being found for EOS and
the smallest for Bitcoin. On the other hand, small (large) jumps in the S&P 500 index have positive (negative)
effects but are significant only for Ripple (EOS). The above results improve our understanding of the relationship
between cryptocurrencies and mainstream financial assets and are overall in accordance with Dahir et al. (2020)
who found that Bitcoin is a volatility receiver from equity markets. Our results are further in line with studies
finding causality running from financial assets to cryptocurrencies during volatile periods (e.g. Corbet, Katsiampa, and Lau 2020; Maghyereh and Abdoh 2020) but in contrast with previous evidence that cryptocurrency
markets are isolated from mainstream asset markets (e.g. Baur, Hong, and Lee 2017; Corbet et al. 2018; Bouri
et al. 2020). Furthermore, co-jumps of the S&P 500 index with cryptocurrencies have a positive and significant
at the 1% level impact on the discontinuity component of the realized volatility of all five cryptocurrencies, with
the estimated effect (γ co ) ranging from 0.0006 (Bitcoin) to 0.0020 (EOS).
We further test for asymmetric effects of the different types of jumps in the S&P 500 index. The test results are
also presented in Table 9 (Panel B) and reveal statistically significant asymmetric responses of jumps in Ripple to
the downside and upside jumps of the S&P 500 index (according to both the T1 and F1 tests) as well as significant
asymmetric effects of small and large jumps occurring in the S&P 500 index on the discontinuity component of
the realized volatility of Ripple and EOS (according to both the T2 and F2 tests). Nonetheless, we find significant
asymmetries between the sum of the effects of upside and downside jumps and the sum of the effects of small
and large jumps in the S&P 500 index for all cryptocurrencies except for Litecoin, as shown by the F3 test results.

6. Conclusions
Analyzing the jumping behavior of financial assets has recently received substantial attention from academics
and practitioners alike due to their implications for portfolio and risk management. In this paper, we shed
light on the type of jumps that affect cryptocurrency markets during periods of large price movements. Compared to mainstream financial assets, cryptocurrency markets exhibit very high volatility levels, which are of
primary concern to investors who are interested in including cryptocurrencies in their portfolios. To this end,
we proposed a novel model to capture the asymmetric effects of jumps due to high volatility levels observed
in cryptocurrencies. By considering five major cryptocurrencies, namely Bitcoin, Ether, Ripple, Litecoin, and
EOS, we quantified the effects of total jumps, downside and upside jumps, and large and small jumps observed
in each cryptocurrency on the discontinuity component of the realized volatility of the other cryptocurrencies,
and detected directional predictability of the different types of jumps to the jump component of the realized
volatility of the cryptocurrencies considered.
The results revealed that overall downside, upside, and small jumps occurring in each cryptocurrency negatively impact the discontinuity component of the realized volatility of other cryptocurrencies, whereas large
jumps have the opposite effect. With regard to the magnitude of the various types of jumps, we confirmed the
existence of asymmetric effects between small and large as well as between downside and upside jumps occurring in Bitcoin on discontinuities of the four altcoins. We further confirmed the existence of asymmetric effects
between downside and upside jumps occurring in the four altcoins on Bitcoin jumps, and between small and
large jumps in each altcoin on discontinuities of other altcoins. Moreover, in line with Bouri, Roubaud, and
Shahzad (2020), we found evidence of co-jumping behavior between the considered cryptocurrencies, but our
results also suggested that this co-jumping behavior can trigger future jumps. We further assessed the practical implications of jumps in cryptocurrencies for portfolio management using the Sortino optimization method,
and found that in portfolios consisting of the five cryptocurrencies considered in our study, investors should hold
mainly Bitcoin, whereas less than ten percent of the portfolio should consist of altcoins. Finally, we explored the
impact of various jumps occurring in the S&P 500 index on the discontinuity component of the realized volatility of cryptocurrencies and found that upside and downside jumps observed in the S&P 500 index negatively
impact cryptocurrency jumps.
The findings of this study provided evidence not only of the various types of jumps existing in cryptocurrencies’ behavior but also of their significant impact on other cryptocurrencies’ jumping behavior, highlighting the
importance of the inclusion of jumps when modeling volatility in cryptocurrency markets, as consistent with
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past studies signifying that the inclusion of jumps improves volatility measuring in conventional financial markets (e.g. Duffie, Pan, and Singleton 2000; Eraker, Johannes, and Polson 2003; Broadie, Chernov, and Johannes
2007). Our findings further suggest the importance of also integrating co-jumps when modeling cryptocurrencies’ volatility dynamics. Our results add to our understanding of interdependencies of cryptocurrency markets,
which are of high importance to cryptocurrency traders, investors, and risk managers, as they indicate reduced
diversification benefits. These findings could further have implications in terms of asset pricing, option, and
volatility modeling (Bouri et al. 2020). It would be interesting to extend this research by investigating the impact
of downside, upside, small, and large jumps occurring in other financial markets, such as the gold or oil market,
in the jumping behavior of cryptocurrencies in the future.

Notes
1. While in May 2013 Bitcoin represented about 94% of the total estimated market capitalization, its market share dropped to 33%
in January 2018 (coinmarketca.com accessed on 20th January 2021) as a result of the increase in popularity and, thus, in market
capitalization of altcoins.
2. It should be noted that Bouri, Roubaud, and Shahzad (2020) found evidence of co-jumping behavior in cryptocurrencies’ returns
by using parametric models and daily closing price data. In contrast, we examine whether co-jumps can trigger future jumps
using a non-parametric approach to estimate volatility, and in our study jumps and co-jumps are constructed from intraday
(hourly) price data. The rationale for using a non-parametric approach lies in the fact that, given that volatility is latent (as
discussed in the introduction), any non-parametric estimator of quadratic variation is regarded as the best estimator of latent
volatility (Barndorff-Nielsen and Shephardet al., 2002). Furthermore, intraday data are considered to be superior to daily data, as
they reveal important information about the market, such as intraday changes and market microstructures, not easily captured
at the daily frequency (see Hansen and Huang 2016, among others).
3. A detailed discussion of the detection and construction of the various types of jumps (i.e., (i) total jumps; (ii) downside, upside,
and asymmetric jumps; and (iii) large and small jumps) used in Equation 1 is presented in Appendix A.
4. The data was retrieved from Coindatabase and cross-checked using several data sources, including Bloomberg.
5. More specifically, Panel A of Tables 4-7 present the estimated effects on the jump behavior of Ether, Ripple, Litecoin, and EOS,
respectively, of the various types of jumps occurring in other altcoins.
6. More specifically, Panel B of Tables 4-7 present the test results for asymmetric responses of jumps in Ether, Ripple, Litecoin, and
EOS, respectively, to jumps in other altcoins.
7. For consistency, we collected data on the S&P 500 index at the hourly frequency over the same period, i.e., from 1st July 2017 to
30th June 2019, and used the data corresponding to trading times in both markets (see, e.g., Gençay et al.., 2001). Hourly data on
the S&P 500 index was collected from https://pitrading.com/historical-data.html. Pi Trading is a leading provider of historical
intraday data products for professional traders and institutions, providing high quality and reliable data. More information can
be found https://pitrading.com/historical-data.html.
8. It should be noted that the results of the LASSO regressions which were first performed indicated to drop the realized correlation
as a regressor in this case. This was supported by statistically insignificant estimates on the realized correlation when including
it in our asymmetric jump model for studying the effects of jumps in the S&P 500 index on cryptocurrencies. For the above
reasons, the realized correlation has now been excluded from the estimated models.
9. The intensity and magnitude of volatility jumps did not significantly change when a 99% significance level was employed.
10. For more details about upside and downside jumps, see Duong and Swanson (2015).
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Appendices
Appendix A. Jump detection and calculation
In this Appendix, we describe in detail the methodology followed to detect the jumps in cryptocurrency prices. The detection of
jumps is deemed to be necessary, prior to constructing the realized measures of continuous and jump components of a price process.
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First, we therefore discuss the jump detection scheme employed in this study. We then describe the framework for detecting large
and small jumps as well as upside and downside jumps. Finally, we discuss the method used to construct measures of realized
correlation.

Jump detection
We assume that the logarithmic price, pt , of a cryptocurrency at time t follows a general jump-diffusion process which is formed as
dpt = μt dt + σt dWt + κt dqt

(A1)

where μt denotes the drift term with a continuous variation sample path, σt is the stochastic volatility process which is strictly
positive with a sample path that is right continuous and exhibits well-defined left limits (permitting for occasional jumps in volatility), Wt denotes the driving standard Brownian motion, whereas the last part, κt dqt , is associated with the jumpy part in the price
process, representing the random jump size, with 0 ≤ t ≤ T. In our study, we take a complementary non-parametric approach,
squarely in the tradition of the realized volatility literature but specifically distinguishing jump from non-jump movements, relying
on both the recent emergence of high-frequency data and the powerful asymptotic theory.
For a discrete price process, the volatility on a given day t is not an unbiased estimator of integrated volatility, since it includes
the jump variation. The return volatility is constructed by Quadratic Variation (QV) as follows
t



t−1

t−1<s≤t

QVt = ∫ σs2 ds +
t



t−1

t−1<s≤t

where ∫ σs2 ds and

κs2 t

(A2)

κs2 t represent the continuous and jump variations, respectively, in the [t − 1, t] interval. The price

increments can be distinguished between jumps and continuous price movements, and the jump variation can be computed as
the difference between the total variation, which can be estimated by the realized volatility (RVt ), and the total variation due to
continuous price movements (also called integrated variance).
We thus start by computing the realized volatility series. In our study, we employ hourly price returns to estimate the daily
realized volatility series (RVt ) by summing up all successive intraday squared returns, as follows
RVt ≡

N


2
rt,i

(A3)

i=1

where rt,i is the hourly price return within day t, calculated as the difference between two consecutive logarithmic hourly prices, with
i = 1, . . . , N, and N referring to the total number of intraday returns on any given day t, resulting from N + 1 hourly prices. The
realized volatility, RVt , is a consistent estimator of quadratic variation, QVt , as N → ∞, and is considered to be the best estimator
of integrated (latent) volatility

t
N→∞
κs2 t.
(A4)
RVt → QVt = ∫ σs2 ds +
t−1

t−1<s≤t

On the other hand, there are several estimators of the total variation due to continuous price (jump-robust) movements in the
existing literature. The study of Barndorff-Nielsen and Shephard (2006) was one of the first contributors in this regard that developed
the bi-power variation. Following Barndorff-Nielsen and Shephard (2006), we therefore employ the bi-power variation (BPVt ),
which is given as follows
BPVt = ξ1−2

N


|rt,i ||rt,i−1 |

(A5)

i=2

√
where ξ1−2 = 2/π = E(|Z|) stands for the absolute value of the mean of a standard normally distributed random variable Z.
Furthermore, Barndorff-Nielsen and Shephard (2006) introduced the jump detection scheme based on bi-power variation and the
adjusted jump ratio statistic of Huang and Tauchen (2005). In our study, following Andersen et al. (2007), we estimate the jump
(BPV)
ratio statistic (ZJt
) as follows
(BPV)

ZJt

=

√
N

(RVt − BPVt )RVt −1
((ξ1−4

(A6)

1/2

+ 2ξ1−2 − 5)max{1, TQt BPVt−2 })

where N is the total number of intraday returns per day, and TQt is the realized tri-power quarticity, which is an asymptotically unbi20
−3 
|Rt,i |4/3 |Rt,i+1 |4/3 |Rt,i+2 |4/3 .
ased estimator of integrated quarticity in the absence of microstructure noise, given as TQt = Nξ4/3
(BPV)

(BPV)

i=1

(BPV)

jump ratio statistic follows the standard normal distribution (ZJt
→ N(0, 1), as N → ∞. The ZJt
jump ratio
The ZJt
statistic is also used as a pre-test, testing the null hypothesis of no jumps against the alternative hypothesis of existence of jumps.
Thus, a jump is considered to be significant when the test statistic exceeds the critical value of the standard normal distribution,
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denoted by
given by

α

at the α level of significance. In our study, we employ the 95% confidence level.9 The (total) jump component is
(BPV)

RJt

= |RVt − BPVt |I{ZJ (BPV) >
t

(A7)

α}

ZJt(BPV)

where I{·} is the indicator function of the
jump ratio statistic exceeding the given critical value of the standard normal
distribution α . Under the null hypothesis of non-existence of jumps, the difference between the estimators of variation of the
continuous component and the quadratic variation should therefore be close to 0.

Large and small jumps
Following Duong and Swanson (2015), we estimate the large and small jump variations using a decomposition based on a fixed
truncation level (γ ). The realized measure of truncated large jump variation, RJtl , based on the jump detection scheme we apply, is
given by

 N



2
ri,t
· I|ri,t |≥γ I{ZJ (BPV) > } ,
RJtl = min RJt ,
(A8)
while the realized measure of truncated

α

t

i=1

small jump variation, RJts , based on the employed

jump detection scheme, is calculated as

RJts = RJt − RJtl .

(A9)

Upside and downside jumps
Duong and Swanson (2011) further introduced upside (RJt+ ) and downside (RJt− ) jumps as
 N


+ q
|ri,t
|
RJt+ = I{ZJ (BPV) > }
t

α

and


RJt−

= I{ZJ (BPV) >
t

(A10)

i=1

α}

N



− q
|ri,t
|

,

(A11)

i=1

respectively, where q is the asymmetry variable affecting the limiting behavior of the estimator.10 In our study, we also consider
upside and downside jumps and, similar to Duong and Swanson (2011), we set q equal to 2.5 to improve the statistical significance
of the coefficients, as opposed to, e.g. q = 5. The asymmetric jump (At ) is then computed as follows
At = I{ZJ (BPV) >
t

α}

{RJt+ − RJt− }.

(A12)

Realized correlation estimation
In our study we further account for the impact of the realized correlation between cryptocurrencies’ intraday returns. Following
Barndorff-Nielsen and Shephard (2004), we employ a theoretically consistent approximation of realized correlation (RCt ), calculated
as
RCovt
RCt = √
√
RVt,a RVt,b

(A13)

where RVt,a and RVt,b are the realized variances of cryptocurrencies a and b, respectively, while RCovt is the realized covariance
estimated using the realized covariance estimator developed by Barndorff-Nielsen and Shephard (2004), calculated as
RCovtt =

N


a b
ri,t
ri,t

(A14)

i=1
a and r b are the intraday (hourly) returns for hour i within day t for cryptocurrencies a and b, respectively.
where ri,t
i,t

Appendix B. Sortino optimization process
In this Appendix, we describe the Sortino portfolio optimization method which we apply to optimize the portfolio consisting of
different cryptocurrencies.
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The mth order lower partial moment (LPM) for discrete data is calculated as follows
LMP =

N
1 
(rt − h)m I(rt ≤ h)
N t=1

(B1)

where h is some given threshold, N is the number of daily returns, and rt is the portfolio’s return on day t. The LMP is a type of
risk measure that encompasses many different cases; one of them is the downside deviation risk measure used in the Sortino ratio.
The downside deviation (DD) assumes that in Equation (B1) m = 2 and the threshold is equal to the minimum acceptable return
(minAR ), i.e. h = minAR , in which any return below the minAR gives an unfavorable outcome, and vice versa. In our analysis, we
use minAR = 0. Thus, the DD is given by
DD2 =

N 
1 
rt − min
AR
N t=1

2


I rt ≤ min .
AR

(B2)

In our study, the benchmark is assumed to be a passive portfolio of securities that should be mandated to exceed. Considering
that excess return (a) is defined as the return of a given portfolio minus a benchmark (or minAR ), the benchmark is equal to
zero (minAR = 0), since a positive a implies that portfolio is outperforming the mandated passive benchmarks. Therefore, we can
formally define the Sortino ratio as follows
ā
SR =
(B3)
DD
where SR is the Sortino ratio, and a is the average return above the benchmark of a passive portfolio.

