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Abstract 

This study uses high-frequency (1-min) price data to examine the connectedness 
among the leading cryptocurrencies (i.e. Bitcoin, Ethereum, Binance, Cardano, Lite-
coin, and Ripple) at volatility and high-order (third and fourth orders in this paper) 
moments based on skewness and kurtosis. The sample period is from February 10, 
2020, to August 20, 2022, which captures a pandemic, wartime, cryptocurrency market 
crashes, and the full collapse of a stablecoin. Using a time-varying parameter vector 
autoregressive (TVP-VAR) connectedness approach, we find that the total dynamic 
connectedness throughout all realized estimators grows with the time frequency 
of the data. Moreover, all estimators are time dependent and affected by significant 
events. As an exception, the Russia–Ukraine War did not increase the total connected-
ness among cryptocurrencies. Analysis of third- and fourth-order moments reveals 
additional dynamics not captured by the second moments, highlighting the impor-
tance of analyzing higher moments when studying systematic crash and fat-tail risks 
in the cryptocurrency market. Additional tests show that rolling-window-based VAR 
models do not reveal these patterns. Regarding the directional risk transmissions, 
Binance was a consistent net transmitter in all three connectedness systems and it 
dominated the volatility connectedness network. In contrast, skewness and kurtosis 
connectedness networks were dominated by Litecoin and Bitcoin and Ripple were net 
shock receivers in all three networks. These findings are expected to serve as a guide 
for portfolio optimization, risk management, and policy-making practices.
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Introduction
Although cryptocurrencies were established as a decentralized payment schemes, they 
have gained popularity as innovative investment assets. Since Bitcoin came into exist-
ence in 2009, the cryptocurrency market has developed strikingly and continued its tur-
bulent growth. In November 2021, the total market capitalization for cryptocurrencies 
topped three trillion US dollars (USD) before falling below one trillion over the consec-
utive eight months.1 As a result, the volatile nature of cryptocurrencies has triggered 
interest among researchers. Most previous studies focused on connectedness through 
first- and second-order moments.
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According to the findings of Akhtaruzzaman et al (2020), Briere et al (2015), Ghabri 
et al (2021), Guesmi et al (2019), Shahzad et al (2022), Stensås et al (2019), Qarni and 
Gulzar (2021), and Zeng et  al (2020), cryptocurrencies show diversification, hedging, 
and safe-haven properties when included alongside traditional portfolio investments 
(e.g. common stocks, bonds, commodities and currencies). Other researchers examined 
how cryptocurrencies interact among themselves by analyzing their returns and volatil-
ity spillover effects, revealing that they are connected via both channels (e.g. Beneki et al 
2019; Charfeddine et al 2022; Ji et al 2019; Kumar et al 2022). Furthermore, Chin and 
Lee (2017) showed how high-frequency automated algorithmic trading dominates finan-
cial asset prices.2 Indeed, algorithmic trading is highly utilized by investors and analysts 
(Fang et al 2022).3

Despite the accumulation of empirical studies examining the information transmis-
sion features of cryptocurrencies through first- and second-order moments, the anal-
ysis of their connectedness through high-order (third and fourth orders in this study) 
moments remains an underexplored area, with few exceptions. For example, Rubinstein 
(1973) showed that portfolio construction should be extended to consider higher-order 
moments in the presence of non-normal returns. Moreover, Ahmed and Mafrachi (2021) 
documented the significant impact of higher-order moments on cryptocurrency returns, 
and Catania and Grassi (2022) reported the forecasting ability of higher moments. Their 
findings show that high-order moments are not only important for price formation but 
also enable information transmission.

The analysis of high-order moments is relevant due to several stylized facts observed 
about cryptocurrency price behaviors. For instance, it has been documented that the 
return distribution of cryptocurrencies can be characterized as non-normal with asym-
metries (i.e. non-zero skewness) and high kurtosis (e.g. Baek & Elbeck 2015). Further, 
Cheah and Fry (2015), Fry and Cheah (2016), and Corbet et al (2018) reported specula-
tive bubbles in cryptocurrency prices and others reported jumps in returns and volatil-
ity (e.g. Chaim & Laurini 2018; Bouri et al 2020). Fry (2018) found that cryptocurrency 
return distributions are fat-tailed, and according to Baur et al (2018), Bitcoin is a specu-
lative asset with high return volatility. Fang et al (2022) argued that the high volatility of 
the cryptocurrency market attracts speculative interest. Zhao et al (2022) reported herd-
ing behaviors in cryptocurrency prices as did Kallinterakis (2019), Bouri et  al (2019), 
Ballis and Drakos (2020), and Kaiser and Stöckl (2020). Geuder et al (2019) documented 
exponential growth in Bitcoin’s price, Urquhart (2017) reported price clustering, and 
Phillip et al (2018) reported volatility and kurtosis clustering. Due to these stylized facts, 
structured analyses of the third and fourth orders are expected to be relevant to predict-
ing cryptocurrency price dynamics because their connectedness is unlikely to be fully 
captured by first- and second-order moments (Hasan et al 2021).

The theoretical channel for the relevance of third-order moment cryptocurrency price 
formations was explained by Patton (2004), who showed that investors prefer positively 
skewed assets when the utility function exhibits a non-increasing risk aversion. Jia et al. 

2 It is well documented that speculative pricing dominates cryptocurrency markets (e.g. Baur et al 2018; Fry 2018; Cre-
tarola & Figà-Talamanca 2020; Geuder et al. 2019).
3 Fang et  al. (2022) offer an extended survey of profitable trading strategies using technical trading, algorithms, and 
automated trading systems.
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(2020) empirically demonstrated that third-order moments can predict cryptocurrency 
returns. The aforementioned researchers attributed this finding to investors’ preferences 
for the lottery effect and an aversion to price crashes.4 Other studies have shown that 
conditional skewness improves the forecasting of volatility and risk measures in cryp-
tocurrency markets (e.g. Catania & Grassi 2022). Regarding fourth-order moments, 
Dittmar (2002) and Baillon (2017) documented that investors are averse to extreme out-
comes, as measured by realized kurtosis.

Importantly, the third- and fourth-order moments offer incremental information that 
may lead to increased economic benefits in portfolio construction (Amaya et al 2015). 
Empirical studies have documented significant tail-risk dependencies among crypto-
currencies (Nguyen et al 2020; Xu et al 2021; Ahn 2022). Hence, examining spillovers 
through high-order moments in the cryptocurrency market should offer insights related 
to the transmission of crash and extreme event risks; both of which are characterized as 
systematic events. Notably, skewness measures the asymmetry of return distributions, 
and crash risk and kurtosis capture the extremeness of returns and tail risk (Greenwood-
Nimmo et  al 2016; Kräussl et  al 2016). Accordingly, the skewness of spillover analysis 
should offer useful information on how cryptocurrencies are linked through downside 
and upside risks. Moreover, the transmission of fat-tail risk is expected to be illuminated 
by the occurrence of extreme events that is captures by kurtosis (Do et al 2016).

To test these predictions, this study examines spillover effects at high-order moments 
among six leading cryptocurrencies in terms of market capitalization and liquidity (i.e. 
Bitcoin, Ethereum, Binance, Cardano, Litecoin, and Ripple).5 Using intraday price data 
at 1-min intervals from February 10, 2020, to August 20, 2022, we calculated the daily 
realized second-, third-, and fourth-order moments of cryptocurrency returns. Then, we 
investigate the dynamic spillovers based on volatility, skewness, and kurtosis measures 
using the connectedness methodology of Antonakakis et  al (2020), which is formally 
known as the time-varying parameter (TVP) vector autoregressive (VAR) model. This 
model provides superior information on how spillovers evolve during different states of 
the market over time (Bouri et al 2021), thus enabling a clear observation of the dynamic 
evolution of systematic risk transmissions among financial assets.

This study makes several noteworthy contributions to the existing literature by exam-
ining the role of high-order moments for a better understanding of cryptocurrency 
market connectedness. First, systematic risk spillovers based on volatility, skewness, 
and kurtosis are documented using high-frequency data. The results are expected to 
enrich the literature by revealing how information is transmitted among cryptocur-
rencies during different episodes of the market in the frequency domain. The results 
show that higher moments play an important role in information transmission among 
cryptocurrencies.

Second, we identify cryptocurrencies that are shock transmitters and emitters within 
the connectedness systems, specifically during high volatility, crash risk, and fat-
tail event conditions. This type of information is crucial for anyone concerned with 

4 Harvey and Siddique (2000) provide a theoretical justification for the role of conditional skewness in the pricing of 
risky assets.
5 Stable coins, Tether (USDT) and USD Coin (USDC), are excluded since they are not suitable for a spillover analysis.
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high-frequency trading. We suggest that assets that influence market dynamics (i.e. 
shock transmitters) are often preferable to those that are influenced by the market (i.e. 
shock emitters). This intuition is based on the fact that fewer risk factors influence shock 
transmitters than do emitters (Bouri et  al 2021). Thus, holding shock-emitting cryp-
tocurrencies will lead to additional risk exposures. Third, this study analyzes the case 
of the Binance cryptocurrency in high-order connectedness network, which enriches 
the findings of Hasan et al (2021) and Cui and Maghyereh (2022) by documenting that 
Binance is a consistent transmitter of volatility, skewness, and kurtosis shocks. This level 
of elucidation is important to investors, policymakers, and strategists.

Fourth, we analyze the spillovers and their connectedness from recent stressful epi-
sodes (e.g. pandemic, a war, and stablecoin collapse). Despite the accumulation of 
research on information transmission between cryptocurrencies during the COVID-19 
period (e.g. Shahzad et al 2021; Hasan et al 2021; Al-Shboul et al 2022; Özdemir 2022), 
and the Russia-Ukraine War6 (e.g. Cui & Maghyereh 2022), our results are the first to 
document the dynamic connectedness of cryptocurrency markets around the collapse of 
Luna using high-order moments.

Fifth, this study applies a very high-frequency (1-min) time domain for price data 
to calculate the needed high-order moments. Most relevant studies utilized 5-min of 
longer time domains (e.g. Hasan et al 2021; Cui & Maghyereh 2022). This is important 
for cryptocurrency speculators and investors. For instance, information is processed 
differently by investors depending on their investment strategy, i.e. short-term specula-
tors versus long-term investors, how frequently they are trading, and how institution-
ally they are constrained (Dacorogna et al 2001). Furthermore, speculators (e.g. Chin & 
Lee 2017) and automated algorithmic trading dominate financial asset prices at a higher-
frequency. Due to the unique characteristics of the cryptocurrency markets (e.g. high 
volatility with arbitrage opportunities), algorithmic trading is highly utilized (Fang et al 
2022). Therefore, using high-frequency price data, our results provide information about 
the probable hidden linkages and systematic risk transmission associated with the trad-
ing behavior of day traders and algorithm-guided trading.

The main empirical findings of the study are threefold. First, significant systematic risk 
transmissions at higher moments are time dependent and higher during stressful events 
(e.g. COVID-19, wartime, and the collapse of Luna). Current findings further demon-
strate that high-order estimators (i.e. skewness and kurtosis) capture additional dynam-
ics on systematic risk transmissions, which analysis of volatility mainly missed. Thus, 
high-order estimates deserve in-depth investigations when studying systematic risk 
transmission among cryptocurrencies.

Second, cryptocurrency connectedness at the second moment (volatility) is higher 
than that of the third (skewness) and fourth (kurtosis), which corroborates the findings 
of several previous studies that used lower frequency price data (Bouri et al 2021; Hasan 
et al 2021; Cui & Maghyereh 2022). Moreover, our results demonstrate that the levels 

6 Existing literature on the dynamic connectedness between cryptocurrencies during the Russia-Ukraine war is available 
only during the initial two months of the war (e.g. see Cui and Maghyereh 2022). The current study extends the findings 
of this literature by offering a longer-term analysis of the war period. This issue is important given the role of cryptocur-
rencies in this war as the means of war aid, a way to move citizens’ wealth out of the Russian banking system and over-
come the sanctions of western economies on the payment systems of Russia.
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of connectedness among cryptocurrencies in all three estimators (volatility, skewness, 
and kurtosis) were higher at high-frequency. Showing that high-frequency trading in the 
cryptocurrency market is prone to higher risk spillovers. Higher connectedness level at 
higher frequency domain can be related with algorithmic trading, which occurs at a very 
high frequency.

Third, our net directional spillover analysis shows that Binance was the net shock 
transmitter in all three connectedness networks and was the dominant transmitter of 
volatility shocks. In contrast, Litecoin dominated skewness (crash risk) and kurtosis (tail 
risk). Bitcoin is losing its status as the leading transmitter of shocks, which corroborates 
previous lower-order analyses (Corbet et al 2018; Yi et al 2018). Further, Ripple was the 
largest emitter of volatility shocks, and Ethereum was the leading emitter of skewness 
and kurtosis shocks. Bitcoin and Ethereum were net shock emitters in all three connect-
edness networks, contrary to the findings of Cui and Maghyereh (2022). These patterns 
are more prevalent under stressful world conditions. As an overall recommendation, 
we report that investors and asset managers should hold shock transmitters and avoid 
receivers, given that transmitter assets are influenced by fewer risk factors than emitters.

The remainder of this study is organized as follows: Sect. "Literature review" provides 
a summary of the relevant literature. Sect.  "Data and methods" explains the data and 
methods, and Sect.  "Empirical results" presents the empirical findings. Sect.  "Robust-
ness tests" reports several robustness tests on our main empirical findings against the 
selection of lag orders, different forecasting horizons, and assumptions related to prior 
hyperparameter estimations in the TVP-VAR model. Finally, Sect.  "Conclusion" con-
cludes the study and discusses further implications for investors, portfolio managers, 
and policymakers.

Literature review
Owing to their astonishing returns and low correlations with other asset classes 
(Sebastião & Godinho 2021), cryptocurrencies have gained popularity as financial 
investments and safe-haven assets (Aharon et  al. 2021; Baur et  al 2018; Kumar et  al 
2022). This has attracted the attention of academics and has led to emerging lines of 
literature dealing with cryptocurrencies’ diversification and risk management proper-
ties. For example, the dynamic relationship of major asset classes with cryptocurrencies 
has been compared to bonds and equities (Akhtaruzzaman et al 2020; Baur et al 2018; 
Bouri et al 2017, 2018; Kristjanpoller et al. 2020; Platanakis & Urquhart 2020), oil prices 
(Selmi et al. 2018), portfolios of gold, oil, and emerging equity market indices (Guesmi 
et  al 2019), developing equity markets (Omane-Adjepong & Alagidede 2020; Shahzad 
et  al 2022; Stensås et  al 2019), developed equity markets (Dyhrberg 2016; Klein et  al 
2018), exchange rate risks (Kristjanpoller & Bouri 2019; Qarni & Gulzar 2021; Urquhart 
& Zhang 2019), gold, crude oil, and US market indices (Bouri et al. 2021; Charfeddine 
et al 2020; Zeng et al 2020), commodities index, currencies and equity markets (Corbet 
et al 2018), gold futures (Kang et al 2019), conventional asset liquidity risk (Ghabri et al 
2021) and economic policy uncertainties (Demir et al 2018; Balli et al 2020). The results 
from these studies offer important insights into the role of cryptocurrencies in managing 
portfolio risk and achieving diversification benefits.
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Other researchers have concentrated on the dynamic connectedness between cryp-
tocurrencies, documenting their information transmission through return and volatil-
ity channels. The findings of earlier studies suggested that Bitcoin was a net receiver of 
return and volatility shocks from Ripple (Fry & Cheah 2016) and Ethereum (Beneki et al 
2019). Ciaian et  al (2018) reported that the prices of altcoins were driven by Bitcoin, 
mainly under a short horizon. Yi et al (2018) analyzed volatility spillovers between wide 
range of cryptocurrencies and revealed that mega-caps were the main risk transmitters 
within the system of volatility connectedness. Ji et al (2019) reported that Bitcoin and 
Litecoin were the primary transmitters of return and volatility shocks. Koutmos (2018) 
also identified Bitcoin as a net transmitter of both return and volatility shocks. However, 
the findings of Antonakakis et al (2019) indicated that Ethereum dominated Bitcoin as 
the primary transmitter of volatility shocks. Kumar et al (2022) confirmed that Ethereum 
was the primary transmitter of volatility shocks and Omane-Adjepong and Alagidede 
(2019) used wavelet-coherence and nonparametric causality analyses to show that return 
and volatility spillover tests were sensitive to scale and volatility proxies. In summary, 
low-order analytical reports on which cryptocurrency dominates the return and volatil-
ity connectedness are highly conflicting.

The impact of COVID-19 on cryptocurrency connectedness was also examined. For 
example, Yousaf and Ali (2020), Demiralay and Golitsis (2021), and Kumar et al (2022) 
reported higher return and volatility connectedness during the pandemic. Shahzad 
et  al (2021) found that volatility spillovers among cryptocurrencies gained strength at 
the start of COVID-19, specifically under high volatility episodes. Reza et  al. (2022) 
and Özdemir (2022) suggested that cryptocurrencies became more connected through 
return and volatility channels during pandemics. Despite the accumulation of empiri-
cal evidence related to the dynamic linkages and information transmission among cryp-
tocurrencies, existing studies have mainly focused on the return and volatility spillover 
effects. Given the stylized facts associated with cryptocurrency returns, a high-order 
moment analysis of connectedness is expected to be highly relevant for detailed port-
folio optimization and risk management strategies. Only two recent studies performed 
higher-moment analysis. Hasan et al (2021) examined the connectedness of cryptocur-
rencies using intraday return date observed every 5-min. They utilized a rolling-win-
dow-based VAR approach (Diebold & Yilmaz (2014) from June 1, 2018, to December 
25, 2020. Cui and Maghyereh (2022) utilized the TVP-VAR approach to examine cryp-
tocurrency connectedness from August 5, 2019 to April 23, 2022. Their findings implied 
that most shocks were transmitted during a short frequency (within a week). The TVP-
VAR approach is more robust than the rolling-window-based VAR since it does not lead 
to the loss of noteworthy observations, is not sensitive to outliers, and avoids arbitrary 
rolling-window size selections (Antonakakis et al 2020).

The present study provides several differences in terms of analysis. First, we uti-
lize a higher-frequency price data (1-min) to calculate realized estimators, which 
are expected to reveal important information about the trading patterns of high-fre-
quency cryptocurrency investors and algorithmic trading. It should also reveal hid-
den linkages within the system of cryptocurrency connectedness. This is important 
because when the main aim is to identify system connectedness and risk transmis-
sion, the speed of adjustments is what investors seek (Antonakakis et  al. 2019). In 
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addition, our analytical approach extends the work of Cui and Maghyereh (2022) by 
evaluating different coins shown to have essential roles in the connectedness net-
works of cryptocurrencies.

The second analytical difference is that we include more recent data, which extends 
the research of Hasan et al (2021) and Cui and Maghyereh (2022) by accounting for 
severe oscillations in the market. Moreover, extreme world events, such as the Russia-
Ukraine War and the collapse of Luna can be tested for effects. To the best of our 
knowledge, these effects have not yet been examined. Our study also distinguishes net 
transmitters and receivers of volatility, skewness, and kurtosis shocks. By identifying 
the cryptocurrencies that dominate the connectedness network (net shock transmit-
ters) and those dominated by others (i.e. net receivers of shocks), we expect to pro-
vide critical information for portfolio asset allocation and risk management strategies 
for managers who want to make informed decisions in turbulent times.

Data and methods
Data

This study analyzes the spillover effects for the realized volatility, skewness, and kurto-
sis among six cryptocurrencies (i.e. Bitcoin, Ethereum, Binance, Cardano, Litecoin, and 
Ripple) with high market capitalization and liquidity. To this end, we employ intraday 
price data, measured every minute. The price data were extracted from www. crypt odata 
downl oad. com and were mainly sourced from Binance Exchange, given that it is the sole 
trader for Binance Coin. Each day, 1440 daily price observations are recorded from Feb-
ruary 10, 2020, to August 20, 2022. The availability of 1-min price information primarily 
drives our sample period. We use the price data to calculate intraday returns, which are 
then used to calculate the daily realized moments of the second, third, and fourth order. 
Subsequently, the spillover effects in the realized volatility, skewness, and kurtosis are 
analyzed using the TVP-VAR approach of Antonakakis et al (2020).

Realized moments

We calculate the second- (volatility), third- (skewness), and fourth-order (kurtosis) 
moments from intraday cryptocurrency returns observed each minute. Accordingly, 
we record price data around the clock, given that the cryptocurrency market is always 
active (Fang et al 2022). First, intraday 1-min returns,  rt,i, are calculated as the logarith-
mic difference of closing price (p) at times t and t-1, starting with the closing price on 
February 10, 2020, at 12:00 a.m. and ending on August 20, 2022, at 12:00 a.m., as below:

where, pi,t is the ith intraday price of cryptocurrencies at time t,  ri,t is the logarithmic 
intraday return and T is the total number of intraday returns.

Following the empirical studies of Bouri et al. (2021), Chen et al. (2021), and Gkillas 
et al (2022), the realized volatility (RVOLt) for each trading day is calculated by sum-
ming the squared intraday realized returns as given in Eq. (2):

(1)ri,t = ln
pi,t

pi,t−1

, i = 1, 2, 3, . . . ,T

http://www.cryptodatadownload.com
http://www.cryptodatadownload.com
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Next, in accordance with Amaya et  al. (2015), we calculate the realized higher 
moments, skewness, and kurtosis. Skewness is the third-order moment, and measures 
the shape of the return distribution as symmetric or asymmetric. Bouri et  al. (2021) 
indicated that a negative realized skewness is associated with a fatter left-tail return dis-
tribution, and a positive realized skewness is associated with a fatter right-tail distribu-
tion. This further implies that an asset with a conditional return distribution of negative 
skewness experiences negative extreme returns more often than an asset with a condi-
tional return distribution of positive skewness and vice versa. The construction of the 
realized skewness is expressed in Eq. (3):

where RSKEWt is the realized skewness at day t. Finally, to measure the extremity 
of deviations, the fourth moment, kurtosis, of realized returns is calculated following 
Amaya et al. (2015), per Eq. (4):

Table 1 lists the descriptive statistics for the realized volatility, skewness, and kurto-
sis calculated using Eqs. (2) to (4). Bitcoin provided the lowest mean values for realized 
volatility (0.0021) and the highest kurtosis (20.8354). The realized volatility value of Rip-
ple (0.0056) was the highest among all cryptocurrencies, followed by Cardano (0.0053). 
Apart from Ethereum, the realized skewness values for the cryptocurrencies were nega-
tive, with Ripple having the highest negative realized skewness (− 0.0087). Generally, the 
realized volatility and kurtosis series are right-skewed, but the entire skewness series, 
with the exception of Ethereum, were left-skewed. All series showed high kurtosis val-
ues as indications of extreme peaks. The probability values of Jarque–Bera p(J–B) statis-
tics reject the normal distribution for all realized estimators. Augmented Dickey–Fuller 
(ADF) test results showed that the time series were stationary at their level, which is a 
priori for VAR-based modeling.

In Fig. 1, we plot the daily time series of realized volatility (left panel), realized skew-
ness (middle panel), and realized kurtosis (right panel) from February 11, 2020, to 
August 20, 2022. There is a clear indication that the realized estimators varied signifi-
cantly over the sample period.

Spillover index calculation

To study the spillovers of intraday realized volatility, skewness, and kurtosis among the 
six cryptocurrencies, we relied on the TVP-VAR approach of Antonakakis et al (2020), 
which can be seen as an extension of the dynamic connectedness approach of Die-
bold and Yilmaz (2012, 2014). The method followed by Antonakakis et  al (2020) uses 
a Kalman filter estimation with forgetting factors that allow the variance to vary over 

(2)RVOLt =

T∑

i=1

r
2
i,t

(3)RSKEWt =
√
T
∑T

i=1 r
3
i,t

RV
3/2
t

(4)RKURTt =
T
∑T

i=1 r
4
i,t

RV 2
t
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time.7 The TVP-VAR approach solves the problem of arbitrary rolling window size selec-
tions and prevents the of loss of valuable observations (e.g., Bouri et al. 2021).

The TVP-VAR model can be given as follows;

with

 where It−1 in Eqs.  (5) and (6) demonstrates the information set until time t − 1. In 
Eq. (5), εt is an N × 1 error vector, and St is an N × N time-varying variance–covariance 
matrix. In Eq. (6), vt is an N × Np error matrix, and Rt is an Np × Np variance–covari-
ance matrix.

(5)Yt = βt zt−1 + εt εt |It−1 ∼ N (0, St)

(6)βt = βt−1 + vt vt |It−1 ∼ N (0,Rt)

zt−1=




yt−1

yt−2

yt−3

.

.

.

yt−p



βt ′ =




β1t
β2t
β3t
.
.
.

βpt




Table 1 Summary statistics for realized moments

This table reports the summary statistics and unit root test (Augmented Dickey-Fuller test) of realized volatility, skewness, 
and kurtosis over the period 10 February 2020 to 20 August 2022, a total of 922 daily observations for each cryptocurrency. 
p(J-B) is the probability value of the Jarque–Bera statistic which tests the null hypothesis of the normal distribution of the 
series. ADF statistics test the null hypothesis that a series has a unit root. *** denotes statistical significance at a 1% level

Mean Std. Dev. Min. Max. Skewness Kurtosis p (J–B) ADF

Panel A: Realized volatility

  Bitcoin 0.0021 0.0051 0.0001 0.1108 14.1753 264.4244 0.0000  − 11.5604***

  Ethereum 0.0034 0.0098 0.0002 0.2234 16.0082 316.3787 0.0000  − 21.6957***

  Binance 0.0038 0.0117 0.0002 0.2425 13.5791 236.0071 0.0000  − 10.1973***

  Cardano 0.0053 0.0136 0.0005 0.3438 17.8387 423.2775 0.0000  − 10.4522***

  Litecoin 0.0045 0.0156 0.0003 0.4284 22.5626 596.7633 0.0000  − 25.9250***

  Ripple 0.0056 0.0126 0.0003 0.1727 7.2171 74.9552 0.0000  − 12.6124***

Panel B: Realized skewness

  Bitcoin  − 0.0006 0.0156  − 0.2272 0.1715  − 3.7907 82.0856 0.0000  − 29.8170***

  Ethereum 0.0007 0.0376  − 0.2607 1.0495 23.1268 659.8273 0.0000  − 29.5173***

  Binance  − 0.0053 0.0947  − 2.8097 0.0551  − 28.4013 837.5212 0.0000  − 30.4500***

  Cardano  − 0.0050 0.1063  − 3.1446 0.3243  − 28.0167 827.1966 0.0000  − 30.2994***

  Litecoin  − 0.0031 0.0777  − 2.2396 0.5693  − 25.4946 748.4073 0.0000  − 30.2415***

  Ripple  − 0.0082 0.0975  − 2.7732 0.1017  − 25.2910 706.8908 0.0000  − 30.6718***

Panel C: Realized kurtosis

  Bitcoin 20.8354 33.8472 3.6713 365.0649 4.7891 32.8367 0.0000  − 29.0550***

  Ethereum 14.2561 28.1584 3.3326 533.9693 10.8318 166.8835 0.0000  − 27.4567***

  Binance 13.3123 41.0279 3.2892 1108.2960 21.4191 555.2156 0.0000  − 30.1709***

  Cardano 13.1608 38.7177 3.5114 1053.1580 21.6642 568.3402 0.0000  − 30.4634***

  Litecoin 14.2714 39.1179 3.4525 1061.0560 21.3632 559.3164 0.0000  − 30.4042***

  Ripple 16.8818 49.3780 3.4434 1130.7330 14.8388 297.7424 0.0000  − 30.8724***

7 For the details of the Kelman filter algorithm please refer to Antonakakis et al. (2020).
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Susequenctly, the generalized impulse response function (GIRF) and generalized fore-
cast error variance decomposition (GFEVD) are calculated following Koop et al (1996) and 
Pesaran and Shin (1998) that will be used in the calculation of the generalized connected-
ness measures of Diebold and Yilmaz (2014). To calculate GIRF and GFEVD, the VAR is 
transformed to its vector moving average representation following the specifications given 
below:

(7)Yt = βt zt−1 + εt ,

Fig. 1 Realized values of volatility (left panel), skewness (middle panel), and kurtosis (right panel) The realized 
values of the second-, third-, and fourth-order moments were calculated using Eqs. 2, 3, and 4, respectively 
from intraday returns at 1-min intervals
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where βt =
[
β1,t ,β2,t ,β3,t , . . . ,βp,t

]′
,At =

[
A1,t ,A2,t ,A3,t , . . . ,Ap,t

]′
, and both βi,t and 

Ai,t are N × N matrices.
The GIRFs measure responses of all variables with respect to a shock in one variable, 

i, within a system. Owing to the absence of a structural model, differences between an 
H-step-ahead forecast are computed where i is shocked and not shocked, which can 
be considered as the shock in variable i. This calculation can be given as follows:

where H indexes the forecast horizon, where δj,t is the selection vector that equals one 
on the jth position and zero otherwise.

The GFEVD which measures the share of forecast error variance held by one vari-
able on another is calculated per Eq. (14):

Finally, we proceed to describe how a shock in one variable spills over to another 
variable. With the help of the GFEVD obtained by using Eq. (14), four different con-
nectedness measures are calculated: total connectedness, total directional connect-
edness from variable i to others j, total directional connectedness to variable i from 
others j, net total directional connectedness, and net pairwise directional connected-
ness among each pair of variables.

First, the calculation of total connectedness takes the form of Eq. (15):

Second, the calculation of total directional connectedness from variable i to others 
j, which measures the spillover effect of a shock of one variable to others, takes the 
following of Eq. (16):

(8)Yt = Atεt ,

(9)A0,t = I ,

(10)Ai,t = β1Ai−1,t + · · · + βp,tAi−p,t

(11)GIRFt

(
H , δj,t , It−1

)
= E

(
Yt+H |εj,t , It−1

)
− E(Yt+H |It−1)

(12)�
g
j,t(H) =

AH ,tStεj,t√
Sjj,t

δj,t√
Sjj,t

δj,t =
√
Sjj,t

(13)�
g
j,t(H) = S

−1/2
jj,t AH ,tStεj,t

(14)φ̃ij,t(H) =
∑H−1

t=1 �
2,g
ij,t

∑N
j=1

∑H−1
t=1 �

2,g
ij,t

with
∑N

j=1
φ̃N
ij,t(H) = 1, and

∑N

i,j=1
φ̃N
ij,t(H) = N .

(15)C
g
t (H) =

∑N
i,j=1,i �=jφ̃

g
ij,t(H)

∑N
i,j=1φ̃

g
ij,t(H)

∗ 100
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Third, the calculation of total directional connectedness from a variable i to others j, 
which measures the spillover effect of a shock from one variable to another, takes the 
form of Eq. (17):

Fourth, the calculation of net total directional connectedness is obtained by the differ-
ence of Eqs. (16) and (17), including the total directional connectedness from a variable i 
to others j minus the total directional connectedness to a variable i from others j:

If Cg
i,t in Eq. (18) is greater than zero, i influences other variables more than being influ-

enced by them and vice versa.
Finally, the calculation of net pairwise directional connectedness (NPDC) among two 

variables, such as i and j, can be given as Eq. (19):

If NPDCij(H) in Eq. (19) is greater than zero, i dominates j, and vice versa.

Empirical results
This section begins with an overview of the average total connectedness based on three 
different estimators: realized volatility, realized skewness, and realized kurtosis. Subse-
quently, we examine the dynamic total connectedness, which analyzes time variations 
for overall spillover effects. In the third part, we examine the dynamic total directional 
connectedness followed by an empirical analysis of pairwise directional connectedness 
among cryptocurrencies. Finally, a rolling-window VAR-based connectedness model is 
performed for comparison purposes. Network diagrams for volatility (Fig.  14), skew-
ness (Fig. 15), and kurtosis (Fig. 16) are presented in Appendix. To estimate TVP-VAR 
parameters, we follow Kumar et al (2022) and rely on the Akaike Information Criterion 
(AIC) in choosing lags where GFEVD is built on a 100-day ahead forecast. To estimate 
hyperparameters, Bayes prior is set to 200 days in the main analysis. Finally, following 
Koop and Korobis (2014) and Antonakakis et  al. (2020), the decay factors used in the 
Kalman filter algorithm (i.e. the VAR forgetting factor and exponentially weighted mov-
ing average (EWMA) forgetting factor) are set to 0.99 and 0.96, respectively. Later, these 
selections are subjected to robustness tests.

Average total connectedness

Table 2 reports the average total volatility connectedness among the six cryptocurren-
cies. Each cryptocurrency’s total forecast error analysis comprises two parts: autocor-
relation (the focused cryptocurrency’s own contribution to its forecast error variance) 

(16)C
g
i→j,t(H) =

∑N
j=1,i �=jφ̃

g
ji,t(H)

∑N
j=1φ̃

g
ji,t(H)

∗ 100

(17)C
g
i←j,t(H) =

∑N
j=1,i �=jφ̃

g
ij,t(H)

∑N
i=1φ̃

g
ij,t(H)

∗ 100

(18)C
g
i,t = C

g
i→j,t(H)− C

g
i←j,t(H)

(19)NPDCij(H) =
(
φ̃ji,t(H)− φ̃ij,t(H)

)
∗ 100
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and cross-correlation (the contribution by other cryptocurrencies to the forecast error 
variance of the focused cryptocurrency). For instance, the autocorrelation effect of Bit-
coin of 20.81% is given in Cell (1, 1), which refers to Row 1 and Column 1. The value 
shows that more than one-fifth of the total forecast error variance of Bitcoin was caused 
by autocorrelation. The other cells in Raw 1 show the portion of forecast error variance 
coming from the volatility shocks of the other cryptocurrencies to Bitcoin. For instance, 
Cell (1, 2), which, similarly, refers to Row 1 and Column 2, shows the contribution of 
volatility shocks from Ethereum to the forecast errors of Bitcoin (16.72%). Binance had 
the highest autocorrelation effect at 24.80%, as reported in Cell (3, 3), followed by Ripple 
at 23.27% in Cell (6, 6). The highest contribution from one cryptocurrency to another 
was between Binance and Cardano, where the volatility shocks of Binance contributed 
19.62% of forecast error variance in Cardano [Cell (4, 3)].

The TCI is given at the bottom-right corner, showing that, on average, 78.53% of a vol-
atility shock in one cryptocurrency spill overs to others within the network. The remain-
ing 21.47% reflects the autocorrelation effect. Nevertheless, Binance, on average, was the 
largest transmitter of volatility shocks (to others = 91.72%), followed by Ethereum (to 
others = 83.72%), as given in Cells (7, 2) and (7, 3), respectively. Litecoin was the larg-
est receiver of volatility shocks (from others = 80.90%). Finally, the last row reports the 
net directional connectedness, which is the difference between how much of a shock 
in one cryptocurrency spill overs to others and how much of the shocks in all others 
are received by that cryptocurrency. The results showed that Bitcoin (− 5.13%), Cardano 
(− 3.95%), Litecoin (− 3.55%), and Ripple (− 8.09%) were net receivers of the volatility 
shocks, given that the total amount of volatility shocks they transmit to others was lower 
than the total amount of volatility shocks they received from the others. In contrast, 
Ethereum (4.19%) and Binance (16.52%) were net transmitters, and Binance dominated 
the network of volatility connectedness as the largest transmitter of volatility shocks.

According to Bouri et al (2021), portfolio managers should invest in an asset that drives 
the market, (i.e. net transmitter of the shocks) while avoiding assets driven by the market 
(i.e. net receivers of shocks) because net shock transmitters are influenced by a relatively 

Table 2 Average volatility connectedness

The spillover indices are calculated following the methodology of Antonakakis et al (2020). TCI in the lower right corner is 
the total connectedness index calculated by Eq. 15. The “TO others”, is the shock transmission from one variable to all other 
variables, and “FROM others”, is the shocks received from other variables by one variable, and “Net directional”, which is 
the difference between TO others and FROM others, are calculated by Eqs. 16, 17 and 18, respectively. To estimate TVP-VAR 
parameters, we follow Kumar et al (2022) and rely on Akaike Information Criterion (AIC) in choosing lags where GFEVD is 
built on a 100-days ahead forecast. Further, Bayes prior size was set to 200 days, and following Antonakakis et al (2020), 
forgetting factors used in the Kelman Filter are 0.99 for VAR forgetting factor and 0.96 for the Exponentially Weighted 
Moving Average (EWMA) forgetting factor. The results are in percentages

i (↓), j ( →) Bitcoin Ethereum Binance Cardano Litecoin Ripple FROM others

Bitcoin 20.81 18.69 17.61 14.33 15.83 12.71 79.19

Ethereum 16.72 20.47 18.39 14.97 16.75 12.70 79.53

Binance 13.87 16.72 24.80 15.74 15.00 13.87 75.20

Cardano 14.14 16.25 19.62 20.06 14.98 14.94 79.94

Litecoin 15.60 17.71 18.27 15.20 19.10 14.12 80.90

Ripple 13.72 14.35 17.83 15.74 14.79 23.57 76.43

TO others 74.06 83.72 91.72 75.99 77.36 68.34 471.19

Net Directional  − 5.13 4.19 16.52  − 3.95  − 3.55  − 8.09 TCI = 78.53
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lower number of risk sources, compared with net shock receivers. Hence, our results 
offer some implications for portfolio optimization and risk management strategies.

Binance was the largest transmitter of the shocks, followed by Ethereum and Cardano, 
whereas Ripple was the largest net receiver, followed by Bitcoin and Litecoin. Accord-
ingly, Binance, Ethereum, and Cardano would be desired by investors during periods of 
higher volatility in the cryptocurrency market. In contrast, Ripple, Bitcoin, and Litecoin 
should be avoided by anyone wishing to attain diversification benefits. Compared with 
previous findings (Yi et al 2018; Ji et al 2019; Hasan et al. 2019; Cui & Maghyereh 2022; 
Kumar et  al 2022), our findings suggest a higher total volatility connectedness among 
cryptocurrencies based on our 1-min frequency data. For instance, the findings of Yi 
et al (2018) revealed a total volatility connectedness index of 37.79% among eight leading 
cryptocurrencies from August 4, 2013, to April 1, 2018. Similarly, Ji et al (2019) reported 
a total volatility connectedness of 32.90% among six leading cryptocurrencies from 
August 7, 2015, to February 22, 2018. According to the results of Kumar et al (2022), the 
total volatility connectedness was higher, at 63.00%, from October 1, 2020, to January 5, 
2021, including the COVID-19 period. Finally, the results of Cui and Maghyereh (2022) 
reported a total volatility connectedness of 67.31% based on their 5-min price data fre-
quency to calculate realized cryptocurrency price volatility. Our volatility connectedness 
index of 78.53% implies that the diversification benefits of combining leading crypto-
currencies in a portfolio are lower when higher-frequency data are used. This further 
suggests that volatility risk spillovers are more substantial in higher-frequency trading. 
However, the current sample period includes major world events that may systematically 
affect cryptocurrency markets. We examine this phenomenon further in this study.

Our results show that the role of cryptocurrencies within the volatility connected-
ness network is changing. Yi et al (2018), Ji et al (2019), and Cui and Maghyereh (2022) 
showed that Bitcoin, Litecoin, and Cardano were the leading market drivers (net shock 
transmitters) when systematic volatility risk was considered. In contrast, Ethereum was 
driven by the market (net shock emitter). Our findings show dramatic differences. For 
instance, Bitcoin, Litecoin, and Ripple are net volatility shock emitters, and Binance and 
Ethereum are the primary transmitters of volatility shocks. One immediate interpre-
tation is that Bitcoin is losing its dominance as a market driver, specifically when con-
sidering high-frequency trading. This is unsurprising, given the central role of Bitcoin 
during recent cryptocurrency market crashes. For instance, the withdrawal of Tesla from 
accepting Bitcoin as payment and external pressure from central banks on tightened reg-
ulations led the cryptocurrency market to tumble on May 19, 2021. Bitcoin lost almost 
40% of its market price that day.

Table 3 presents the average skewness connectedness, demonstrating a total index of 
56.08% [Cell (8, 7)], which shows that cryptocurrencies are also highly connected via 
shocks at third-order moments. Compared with the findings of Cui and Maghyereh 
(2022), who used 5-min price data to show a skewness connectedness index of 40.99%, 
we show that the transmission of crash risk is higher. We further show that past extreme 
skewness shocks largely contributed to the extreme skewness shocks of subsequent 
periods, demonstrating a higher autocorrelation effect in the skewness connected-
ness network. That is, a given cryptocurrency’s own extreme returns (positive or nega-
tive) increases the probability of future extreme returns more than the shocks received 
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from other cryptocurrencies. For example, the autocorrelation effect was strongest in 
Ethereum (49.85%), followed by Bitcoin (46.64%); however, Litecoin (34.91%) had the 
weakest autocorrelation effect. Litecoin was the largest transmitter of skewness con-
nectedness, contributing 71.19% [Cell (7, 5)] of the total forecast error variance of other 
cryptocurrencies. It was also the largest receiver of skewness shocks from other cryp-
tocurrencies, receiving 65.09% of its forecast errors from the skewness shocks of other 
cryptocurrencies. Among the cryptocurrency pairs, the highest skewness spillover was 
from Binance to Ripple (Cell (6, 3) = 15.73%). The net directional connectedness values 
reported in the last column show that Binance (2.04%), Cardano (1.21%), and, Litecoin 
(6.11%) were net transmitters, whereas Bitcoin (− 2.05%), Ethereum (− 5.07%), and Rip-
ple (− 2.24) were net receivers. Given these results, Litecoin was the dominant crypto-
currency in skewness connectedness, mainly because it drove the others. In contrast, 
Ethereum was the largest emitter of shocks as it was mainly driven by others. Accord-
ingly, when returns are asymmetrical with extrema toward either the positive or negative 
sides, Litecoin dominates as the transmitter of shocks. It is important to note that skew-
ness reflects crash risk. Thus, Litecoin was the dominant transmitter of systematic crash 
risk to other cryptocurrencies.

The results related to the average kurtosis connectedness are presented in Table 4. The 
total kurtosis connectedness index was 56.08%, which approximates the skewness con-
nectedness index but is lower than the volatility connectedness index. Similar to the pat-
terns observed for skewness, a more significant portion of the total forecast errors in 
kurtosis was caused by autocorrelation effects, with Cardano having the highest value 
(48.83%) followed by Bitcoin (45.83%). The highest directional kurtosis spillover was 
from Ethereum to Bitcoin, with 16.10% and 15.91% of kurtosis shocks transmitted from 
Litecoin to Binance, respectively. The findings further suggest that Litecoin played a 
dominant role in transmitting kurtosis shocks to other cryptocurrencies, 72.42% of the 
kurtosis shocks in Litecoin were transmitted to others, whereas it received only 63.59% 
from others. This Demonstrates that Litecoin was a net transmitter and the largest 
transmitter, with a net shock transmission value of 8.82%. Binance and Cardano were 

Table 3 Average skewness connectedness

The spillover indices are calculated following the methodology of Antonakakis et al (2020). TCI in the lower right corner is 
the total connectedness index calculated by Eq. 15. The “TO others”, is the shock transmission from one variable to all other 
variables, and “FROM others”, is the shocks received from other variables by one variable, and “Net directional”, which is 
the difference between TO others and FROM others, are calculated by Eqs. 16, 17 and 18, respectively. To estimate TVP-VAR 
parameters, we follow Kumar et al (2022) and rely on Akaike Information Criterion (AIC) in choosing lags where GFEVD is 
built on a 100-days ahead forecast. Further, Bayes prior size was set to 200 days, and following Antonakakis et al (2020), 
forgetting factors used in the Kelman Filter are 0.99 for VAR forgetting factor and 0.96 for the Exponentially Weighted 
Moving Average (EWMA) forgetting factor. The results are in percentages

i (↓), j ( →) Bitcoin Ethereum Binance Cardano Litecoin Ripple FROM others

Bitcoin 46.64 14.55 9.13 7.35 13.20 9.14 53.36

Ethereum 15.45 49.85 5.83 9.29 13.21 6.37 50.15

Binance 8.49 5.56 43.19 13.13 15.04 14.58 56.81

Cardano 6.70 7.97 13.77 45.19 15.28 11.09 54.81

Litecoin 11.97 10.95 14.29 15.05 34.91 12.82 65.09

Ripple 8.69 6.05 15.83 11.21 14.47 43.76 56.24

TO others 51.31 45.08 58.85 56.02 71.19 54.00 336.45

Net directional  − 2.05  − 5.07 2.04 1.21 6.11  − 2.24 TCI = 56.08
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net transmitters, whereas their net connectedness transmission values were near zero. 
In contrast, Bitcoin (− 3.57%), Ethereum (− 3.58%), and Ripple (− 2.55%) were net emit-
ters of fat-tail (kurtosis) shocks. Accordingly, the network of kurtosis connectedness was 
mainly driven by Litecoin, given that it becomes the influencer of the connectedness sys-
tem during extreme returns. Thus, Litecoin influenced the market when returns were 
extreme and concentrated at their tails.

Table  5 summarizes the results from the previous tables related to net directional 
shock transmissions of volatility, skewness, and kurtosis. The results show that Binance 
was a consistent net transmitter in all three connectedness systems, dominating the 
volatility connectedness network as the primary transmitter of the volatility shocks. In 
contrast, skewness and kurtosis connectedness networks were dominated by Litecoin 
as the largest transmitter of crash risk and fat-tail risk, respectively. Bitcoin and Ripple 
were net shock receivers in all three connectedness networks. Simultaneously, Ethereum 
(Cardano) was a net transmitter (receiver) in the volatility connectedness network and a 
net receiver(transmitter) in skewness and kurtosis connectedness networks.

Table 4 Average kurtosis connectedness

The spillover indices are calculated following the methodology of Antonakakis et al (2020). TCI in the lower right corner is 
the total connectedness index calculated by Eq. 15. The “TO others”, is the shock transmission from one variable to all other 
variables, and “FROM others”, is the shocks received from other variables by one variable, and “Net directional”, which is 
the difference between TO others and FROM others, are calculated by Eqs. 16, 17 and 18, respectively. To estimate TVP-VAR 
parameters, we follow Kumar et al (2022) and rely on Akaike Information Criterion (AIC) in choosing lags where GFEVD is 
built on a 100-days ahead forecast. Further, Bayes prior size was set to 200 days, and following Antonakakis et al (2020), 
forgetting factors used in the Kelman Filter are 0.99 for VAR forgetting factor and 0.96 for the Exponentially Weighted 
Moving Average (EWMA) forgetting factor. The results are in percentages

i (↓), j ( →) Bitcoin Ethereum Binance Cardano Litecoin Ripple FROM others

Bitcoin 45.83 16.1 9.77 6.94 13.1 8.27 54.17

Ethereum 14.83 43.39 10.83 9.04 13.47 8.43 56.61

Binance 9.89 9.73 40.41 11.84 15.91 12.21 59.59

Cardano 6.26 8.29 12.29 48.83 15.06 9.28 51.17

Litecoin 11.7 11.33 14.65 12.89 36.41 13.03 63.59

Ripple 7.91 7.59 12.78 10.6 14.88 46.24 53.76

TO others 50.59 53.04 60.32 51.31 72.42 51.22 338.9

Net directional  − 3.57  − 3.58 0.73 0.13 8.83  − 2.55 TCI = 56.48

Table 5 Summary of net directional spillovers

The spillover indices are calculated following the methodology of Antonakakis et al. (2020). Net directional spillovers are 
calculated by Eq. 18. To estimate TVP-VAR parameters, we follow Kumar et al. (2022) and rely on Akaike Information Criterion 
(AIC) in choosing lags where GFEVD is built on a 100-days ahead forecast. Further, Bayes prior size was set to 200 days, and 
following Antonakakis et al. (2020), forgetting factors used in the Kelman Filter are 0.99 for VAR forgetting factor and 0.96 for 
the Exponentially Weighted Moving Average (EWMA) forgetting factor. The results are in percentages

Net directional spillovers

Volatility connectedness 
network

Skewness connectedness 
network

Kurtosis connectedness 
network

Bitcoin  − 5.13 Net receiver  − 2.05 Net receiver  − 3.57 Net receiver

Ethereum 4.19 Net transmitter  − 5.07 Net receiver  − 3.58 Net receiver

Binance 16.52 Net transmitter 2.04 Net transmitter 0.73 Net transmitter

Cardano  − 3.95 Net receiver 1.21 Net transmitter 0.13 Net transmitter

Litecoin  − 3.55 Net receiver 6.11 Net transmitter 8.83 Net transmitter

Ripple  − 8.09 Net receiver  − 2.24 Net receiver  − 2.55 Net receiver
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In summary, the findings reported in this section reflects systematic risk transmissions 
between cryptocurrencies via second-, third-, and fourth-order moments. The total 
volatility connectedness index (78.53%) was higher than the total skewness (56.08%) 
and kurtosis (56.48%) connectedness indices, showing that systematic volatility risk 
was more prevalent. Furthermore, shock transmissions through higher moments were 
sizable. Therefore, the systematic transmission of crash and fat-tail risks significantly 
affected cryptocurrencies. The results further show that the connectedness in the cryp-
tocurrency market increased in higher-frequency data when the current findings are 
compared with previous studies that used lower-frequency data, such as those by Yi et al 
(2018), Ji et al (2019), Hasan et al. (2021), and Cui and Maghyereh (2022). The current 
findings may support the findings of Bouri et al (2021), who found that cryptocurrencies 
were becoming more connected due to several recent events. Another notable finding 
relates to the ever-changing role of cryptocurrencies within systems of connectedness. 
Specifically, our findings imply that Bitcoin, Cardano, Litecoin, and Ripple were net 
volatility shock emitters, whereas Ethereum and Binance were the main volatility shock 
transmitters. These findings are in contrast to those of Yi et  al (2018), Ji et  al (2019), 
and Hasan et al. (2021). Related to skewness and kurtosis, our findings show that Lite-
coin was the dominant transmitter, which agrees with Hasan et al (2021). In contrast, 
Ethereum was the largest emitter of skewness (crash risk) and kurtosis shocks (fat-tail 
risk). We expect that these results can be used to guide portfolio optimization and risk 
management decisions, which is also important for policymakers as higher-moments 
risks are significant among cryptocurrencies.

Dynamic total connectedness

Figure  2 plots the dynamic total volatility connectedness, demonstrating a high con-
nectedness level over the entire sample period. Until the middle of the fourth quarter of 
2020, the total volatility connectedness among the six cryptocurrencies hovered above 
95%, offering limited benefits to diversification during the initial year of the COVID-
19 pandemic. In the middle of the last quarter of 2020, the index experienced a slight 
decline before dropping sharply to 70% in the middle of the first quarter of 2021. This 
decline can be attributable to quantitative and economic stimuli and various relief 

Fig. 2 Dynamic total spillovers for realized volatility. Dynamic total volatility connectedness based on 
TVP-VAR over the sample period. The x-axis reports years and quarters and the y-axis reports the total 
connectedness index
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programs initiated by governments. The intuition is straightforward: the programs stim-
ulated capital flow into cryptocurrency markets (Kumar et al 2022). The total volatility 
connectedness index hovered around the 80% level from February to May 2021, causing 
a market rally. However, the index surged to over 90% on May 19, 2021, due to the mar-
ket crash, that erased one trillion USD from the cryptocurrency market amid concerns 
of government regulations. The Russia-Ukraine War, which started on February 24, 
2022, had a negligible impact on the total volatility connectedness of cryptocurrencies. 
Although this was surprising it may indicate that the impact cannot simply be captured 
by second-order moments. However, the TCI for volatility increased from 90% to nearly 
100% in May 2022, which denotes a period in which the price of Bitcoin saw its lowest 
level since 2020. Coinbase market lost a significant amount of value as well. Neverthe-
less, the total volatility connectedness index shows that the cryptocurrencies remained 
highly connected in the volatility channel at higher frequencies over the sample period, 
implying that high-frequency trading is very risky.

Figure  3 plots the dynamic total skewness connectedness to capture time-varying 
crash risk spillovers among cryptocurrencies. Notably, the average connectedness in 
skewness was lower but far more volatile than the total connectedness in volatility. The 
total skewness spillover index value ranged between 34.19 and 91.17%, and the total 
skewness connectedness index showed sharp increases during important events, dem-
onstrating the transmission of systematic crash risk among cryptocurrencies during 
important events. For example, following the two sharp peaks that marked the initial 
days of COVID-19, the total skewness connectedness index increased from around 55% 
to slightly above 70% on May 10, 2020. On the same date, Bitcoin lost 15% of its mar-
ket capitalization within minutes and half of its market value within two days. This can 
be attributed to the announcement of reduced mining rewards and increased transac-
tion costs, which stimulated selloffs. Thus, the TCI of skewness shows an increased sys-
tematic crash around this announcement. As with the volatility connectedness index, 
the skewness connectedness index was lower than its average during the market rally of 
early 2021. However, it increased sharply to above 80% during the cryptocurrency mar-
ket crash on May 19, 2021. Another significant increase occurred in December 2021, 

Fig. 3 Dynamic total spillovers for realized skewness. Dynamic total volatility connectedness based on 
TVP-VAR over the sample period. The x-axis reports years and quarters and the y-axis reports the total 
connectedness index
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when a combined crypto market capitalization of 300 billion USD was wiped out fol-
lowing an announcement by the US Federal Reserve Bank about tapering.8 This led to 
expectations of higher future interest rates and the migration of cryptocurrency inves-
tors to safer USD products. Finally, with the collapse of Luna, during the second week 
of May 2022, the index spiked again, from 60% to above 75%, marking another impor-
tant event that increased the systematic crash risk spill overs among cryptocurrencies. 
Overall, information transmission among cryptocurrencies via the skewness channel 
strengthens during periods characterized by negatively skewed return distributions and 
loses strength during periods of positively skewed return distributions. These results 
further illustrate how the realized skewness estimator captures the systematic spillover 
of cryptocurrency market crash risk.

The dynamic total connectedness of the realized kurtosis plotted in Fig. 4 is far more 
volatile than the dynamic volatility. There are several peaks in the plot of dynamic kurto-
sis connectedness. The first peak reflects an increased systematic fat-tail risk among the 
network of cryptocurrency connectedness during the market meltdown of March 2020. 
In March 2021, the total kurtosis connectedness index was reduced to 50% from 80%, 
marking a period in which the cryptocurrency market experienced significant growth, 
topping above 1 trillion USD level for the first time. With the market crash of May 2021, 
the fat-tail risk transmission among cryptocurrencies increased significantly, reaching 
above 90%. As such, realized volatility, skewness, and kurtosis measures spiked (Fig. 1). 
Following the market crash of May 19, 2021, the connectedness index for kurtosis expe-
rienced a monotonic decline until the end of the second quarter of 2022 before exceed-
ing 90% as the cryptocurrency market started to fall again. Not surprisingly, the TCI for 
kurtosis captures periods of extreme returns in the cryptocurrency market and offers 
further insights into fat-tail and extreme event risk transmission dynamics. A higher 
kurtosis implies heavier tails of return distributions, and our findings confirm that con-
nectedness exists during times of extreme returns, lending support to the findings of 
Tiwari et al (2020), who reported extreme tail connectedness among cryptocurrencies.

Fig. 4 Dynamic total spillovers for realized kurtosis. Dynamic total volatility connectedness based on 
TVP-VAR over the sample period. The x-axis reports year and year quarters and the y-axis reports the total 
connectedness index

8 Source: https:// www. forbes. com/ sites/ billy bambr ough/ 2021/ 12/ 03/ 300- billi on- bitco in- and- crypto- price- crash- after- 
stark- fed- warni ng- ether eum- bnb- solana- carda no- and- xrp- in- free- fall/

https://www.forbes.com/sites/billybambrough/2021/12/03/300-billion-bitcoin-and-crypto-price-crash-after-stark-fed-warning-ethereum-bnb-solana-cardano-and-xrp-in-free-fall/
https://www.forbes.com/sites/billybambrough/2021/12/03/300-billion-bitcoin-and-crypto-price-crash-after-stark-fed-warning-ethereum-bnb-solana-cardano-and-xrp-in-free-fall/
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Overall, the findings in this section imply that realized volatility, skewness, and kurto-
sis spillover indices can capture the impacts of systematic events. Aligning with the find-
ings of Cui and Maghyereh (2022), the connectedness of realized volatility was stronger 
than that of skewness and kurtosis. However, information transmission effects at higher 
moments are also sizable, above the 55% level, confirming the presence of systematic 
crash and fat-tail risk transmissions within the connectedness network of cryptocur-
rencies. Moreover, some features not captured by the volatility index were captured by 
analyzing higher moments. Thus, our findings align with findings of Bouri et al (2021), 
who showed the importance of higher moments when studying connectedness among 
traditional financial assets. Our findings prove empirical evidence of dynamic crypto-
currency connectedness and support the findings of Kumar et al. (2022), who reported 
an increase in the total volatility spillover index among equities, bonds, commodities, 
and Bitcoin during the initial days of the Russia-Ukraine War. This effect is not very pro-
nounced among cryptocurrencies, even at higher moments. Finally, our results add to 
those of Cui and Maghyereh (2022) by studying a wider variety of and utilizing a higher 
frequency price data.

Net total directional connectedness

This section examines dynamic net total directional connectedness in realized volatility, 
skewness, and kurtosis, calculated using Eq. (18). On any given day, a positive value indi-
cates that a cryptocurrency is the net transmitter of a shock. In contrast, a negative value 
implies that a cryptocurrency is a net receiver.

Figure  5 plots the dynamic net directional volatility spillovers for the six cryptocur-
rencies. Notably, the net directional volatility connectedness plots exhibit significant 
degrees of variability over time, switching between positive and negative regions apart 
from Binance, which is a consistent transmitter of volatility shocks according to the evo-
lution of its plot in the positive region. Bitcoin, Cardano, Litecoin, and Ripple were aver-
age net receivers of volatility shocks, as their net directional spillover plots were mainly 
in the negative region. These findings confirm the results listed in Table  2, including 
Bitcoin (− 5.13%), Cardano (− 3.92%), Litecoin (− 3.55%), and Ripple (− 8.09%), who 
were net receivers of volatility shocks within the system according to their negative net 
directional spillover values reported in the last row. Conversely, Ethereum (4.19%), and 
Binance (16.52%) were net transmitters. Ripple was the leading receiver, and Binance 
was the dominant transmitter. Another notable finding includes the sharp increases/
decreases during specific periods, which can be marked as turbulent. For instance, the 
net directional spillover index for Binance soared above 60% at the start of the pandemic, 
during a market rally in early 2021, and at the collapse of Luna in May 2022. These pat-
terns imply that volatility shock transmissions from Binance to others strengthened dur-
ing cryptocurrency market turbulence. From May 2021 until the middle of 2022, Bitcoin 
played a dominant receiver role in the system. Our results differ from previous stud-
ies that reported Bitcoin mainly contributing to volatility connectedness networks (e.g. 
Bouer et al. 2021; Cui & Maghyereh 2022; Ji et al 2019; Koutmas 2018). This implies a 
changing role for cryptocurrencies when examining higher-frequency data and more 
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recent period. Finally, Ethereum lost its net volatility shock transmitter status, becoming 
a net receiver, in June 2022, where it lost almost 45% of its market capitalization during 
investors’ fears of higher inflation rates and interest rate hikes.9 During the same period, 
Bitcoin and Litecoin shared the same trend. In contrast, Binance regained its dominant 
net shock transmitter status after its decline with the collapse of Luna. These findings 
show that volatility shock transmissions are time varying and gain strength under stress-
ful cryptocurrency market conditions.

Figure 6 plots the evolution of net skewness connectedness for the six cryptocurren-
cies separately, demonstrating significant variability over time. For example, before the 
cryptocurrency market crash on May 19, 2021, Bitcoin mainly acted as a net transmit-
ter of skewness shocks, whereas after the crash, it became a net receiver. This finding 
is unsurprising as Bitcoin was at the center of debate during that period. For example, 
Elon Musk posted his intention on Twitter to stop accepting Bitcoin for Tesla pay-
ments, and the Central Bank of China sent warnings to various financial institutions 

Fig. 5 Net Volatility Spillovers. Dynamic net volatility connectedness based on TVP-VAR for Bitcoin, Ethereum, 
Binance Coin, Cardano, Litecoin, and Ripple. The x-axis reports years and quarters, and the y-axis reports net 
directional spillovers. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed line shows 
zero

9 Source: https:// www. coind esk. com/ marke ts/ 2022/ 07/ 01/ brutal- month- for- bitco in- as- june- ends- with- bigge st- drop- in- 
11- years/

https://www.coindesk.com/markets/2022/07/01/brutal-month-for-bitcoin-as-june-ends-with-biggest-drop-in-11-years/
https://www.coindesk.com/markets/2022/07/01/brutal-month-for-bitcoin-as-june-ends-with-biggest-drop-in-11-years/
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about accepting cryptocurrency payments. Litecoin was quite persistent in transmit-
ting skewness shocks, whereas Ethereum was a persistent receiver. These results sup-
port the average net transmission analysis of skewness shocks provided in Table 3. For 
example, Litecoin was the largest net transmitter. In contrast, Ethereum was the largest 
net receiver. When the cryptocurrency market experienced asymmetric returns, Lite-
coin and Ethereum played dominant roles as transmitters and receivers of the systematic 
crash risk, respectively. Other important patterns were observed around the collapse 
of Luna. Subsequently, Binance became a dominant shock transmitter, whereas Ripple 
became a dominant shock receiver.

Next, we plot the evolution of net directional kurtosis spillovers in Fig. 7. As with the 
results reported in Figs. 5 and 6 for net directional volatility and skewness spillover indi-
ces, respectively, the net directional spillover plots for kurtosis were highly volatile and 
even higher during important events. On average, Bitcoin and Ethereum were the largest 
net receivers of kurtosis shocks, whereas Litecoin mostly acted as transmitters of kur-
tosis shocks. These results are validated by the results reported in Table 4, where Bit-
coin (− 3.57%) and Ethereum (− 3.58%) were net transmitters on average, and Litecoin 
(8.83%) was the largest net transmitter. Furthermore, during the market crash of May 19, 

Fig. 6 Net Skewness Spillovers. Dynamic net skewness connectedness based on TVP-VAR for Bitcoin, 
Ethereum, Binance Coin, Cardano, Litecoin, and Ripple. The x-axis reports years and quarters and the y-axis 
reports net directional spillovers. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed 
line shows zero
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2021, the net direction spillover index for Bitcoin and Ethereum experienced a sudden 
deep, indicating a higher systematic fat-tail risk shock transmitted from others. Binance, 
Cardano, Litecoin, and Ripple switched from negative to positive regions, becoming net 
transmitters of fat-tail risk shocks and net shock transmitters of kurtosis. We attribute 
increased kurtosis shock spillover effects to the extreme daily returns seen around the 
cryptocurrency market crash.

Overall, Bitcoin was the leading net receiver of realized volatility, skewness, and kur-
tosis shocks, specifically during the period following the market crash on May 19, 2021. 
Ethereum was a net receiver of skewness and kurtosis shocks, Binance was the net trans-
mitter of volatility (with dominance), skewness, and kurtosis shocks, and Litecoin was 
the net and dominant transmitter of skewness and kurtosis shocks. Cardano was a net 
receiver of volatility shocks but was a net transmitter of kurtosis shocks. The net posi-
tion of Cardano in the skewness connectedness network was positive but barely greater 
than zero. Ripple was a net receiver according to all three estimators. Compared with 
the results of Ji et al (2019) and Cui and Maghyereh (2022), which suggested that Bit-
coin was the dominant volatility transmitter, our findings implied that Bitcoin lost status 
and became the largest receiver of volatility shocks after the crash. Our findings extend 

Fig. 7 Net Kurtosis Spillovers. Dynamic net kurtosis connectedness based on TVP-VAR for Bitcoin, Ethereum, 
Binance Coin, Cardano, Litecoin, and Ripple. The x-axis reports years and quarters and the y-axis reports net 
directional spillovers. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed line shows 
zero
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the results of Ji et al (2019) by studying the connectedness among cryptocurrencies at 
higher moments, including Binance. These results also enrich the findings of Cui and 
Maghyereh (2022) for similar reasons. The net directional skewness spillover index also 
captured the impact of the Luna crash which is the first in the literature.

Net pairwise directional connectedness

This section studies net pairwise directional volatility, skewness, and kurtosis spillovers. 
The analysis shows dynamic net shock spillovers among each pair of cryptocurrencies 
over time. A positive value indicates that the first in a pair is the net shock transmitter, 
and the latter is the receiver. In contrast, a negative value indicates that the first in a pair 
is the net shock receiver, and the latter is the transmitter. The pairwise analysis helps us 
understand which cryptocurrencies had higher dominance in transmitting shocks and 
offers keen insights into portfolio diversification strategies, as combining shock trans-
mitters with shock-resilient cryptocurrencies way improve risk characteristics of port-
folios. Notably, the average net pairwise connectedness among cryptocurrencies was 
obtained from their average connectedness (see Tables 2, 3 and 4) based on the differ-
ence between the average shock transmitted and the average shock received.

We begin our analysis with net pairwise spillovers of volatility (see Fig. 8). The results 
show that Bitcoin, on average, acted as the prominent emitter of volatility shocks from 
all other cryptocurrencies, and the most dominant shock transmitter to Bitcoin was 
Binance, followed by Ethereum. Thus, combining these assets into a portfolio would 
diminish any diversification benefits. Consistent with the findings reported in previous 
sections, Binance was a persistent volatility shock transmitter for all other cryptocur-
rencies. Although Ethereum acted as a net receiver of volatility shocks from Binance, it 
was a transmitter in other pairings most of the time. Cardano dominated the volatility 
spillovers to Ripple, whereas Litecoin dominanted by Ripple. These findings confirm the 
dominance of Binance and Ethereum in transmitting volatility shocks during periods of 
higher cryptocurrency market volatility. Similar to the findings reported in Fig.  5, the 
strength of volatility spillover effects was higher during turbulent times.

Figure  9 plots the net pairwise skewness spillovers among each pair of cryptocur-
rencies. The plots for pairwise skewness shocks were higher during the initial days of 
COVID-19, the crash of May 2021, and, for several cases, the collapse of Luna. These 
patterns confirm that our realized skewness measures captured systematic crash risk 
transmissions during those periods. Notably, Bitcoin and Ethereum were net receiv-
ers of skewness shocks in most pairs, confirming the findings reported in previous 
sections. On average, Litecoin was the dominant net transmitter of crash risk to other 
cryptocurrencies.

According to the plots of pairwise kurtosis spillovers provided in Fig.  10, Bitcoin 
and Ethereum were dominant net receivers of extreme return shocks during the cryp-
tocurrency market crash. In contrast, Bitcoin and Ethereum acted as net transmitters. 
Litecoin also dominated others as a net transmitter of kurtosis shocks, implying that 
Litecoin dominated the network of systematic fat-tail risk connectedness during extreme 
returns. The pairwise indices for kurtosis shocks further captured the impact of the Rus-
sia–Ukraine War based on the elevated NPDC measures around that time.
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In summary, our findings indicate systematic dependencies among cryptocurrencies 
in terms of realized volatility, skewness, and kurtosis, implying that higher moments 
matter for cryptocurrencies. This supports the findings of Ahmed and Mafrachi (2021). 
Our results also extend the results of Hasan et al. (2021) by revealing the higher-moment 
connectedness among cryptocurrencies and those of Cui and Maghyereh (2022) by 
including higher-frequency data and documenting connectedness structure for high 
algorithmic trading. Further, our sample period includes a pandemic, a cryptocurrency 
market rally, several market crashes, a war, and for the first time, the collapse of Luna. 
Specifically, we have noted that different estimators can capture information transmis-
sions among cryptocurrencies during different periods, confirming the predictions of 
Bouri et al (2021).

Fig. 8 Net Pairwise Volatility Spillovers for Bitcoin, Ethereum, Binance Coin, Cardano, Litecoin, and Ripple. 
The figure shows net pairwise volatility connectedness obtained from a TVP-VAR approach. A positive value 
for the spillover index indicates that the former of a pair is the net shock transmitter and that the latter is the 
receiver. In contrast, a negative value for the spillover index indicates that the former of a pair is the net shock 
receiver and that the latter is the transmitter. The x-axis reports years and quarters, and the y-axis reports 
net pairwise connectedness. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed line 
shows zero
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Additional tests

This section performs additional tests to examine whether the TVP-VAR-based connect-
edness approach of Antonakakis et al. (2019) can capture the time-varying dynamics of 
connectedness better than the standard VAR-based connectedness estimators of Diebold 
and Yilmaz (2012, 2014) and the quantile VAR (QVAR) approach of Ando et al (2022).

Initially, the TCIs of cryptocurrencies among the volatility, skewness, and kurtosis 
indicators were calculated using the VAR-based connectedness approach of Diebold and 
Yilmaz (2012, 2014) using a 200-day rolling window.10 One drawback of the standard 

Fig. 9 Net Pairwise Skewness Spillovers for Bitcoin, Ethereum, Binance Coin, Cardano, Litecoin, and Ripple. 
The figure shows net pairwise skewness connectedness obtained from a TVP-VAR approach. A positive value 
for the spillover index indicates that the former of a pair is the net shock transmitter and that the latter is the 
receiver. In contrast, a negative value for the spillover index indicates that the former of a pair is the net shock 
receiver and that the latter is the transmitter. The x-axis reports years and quarters, and the y-axis reports 
net pairwise connectedness. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed line 
shows zero

10 In addition, we test for different window sizes and find that the 200-day rolling window VAR has similarities with 
TVP-VAR results. The same rolling window size is also used by Diebold and Yilmaz (2012, 2014) as the benchmark 
model.



Page 27 of 39Azimli  Financial Innovation           (2024) 10:96  

rolling-window VAR-based connectedness approach is its sensitivity to outliers, given 
that its estimates depend on the conditional-mean function (Antonakakis et al. 2019). 
Accordingly, we also tested the conditional median-based QVAR of Ando et al (2022) to 
overcome the outlier sensitivity problem. The QVAR connectedness was estimated for 
the 50% quantile (median).11

The results of the dynamic TCI for realized volatility estimation, calculated by utiliz-
ing TVP-VAR, VAR, and QVAR connectedness approaches, are provided in Fig.  11. 
The plots demonstrate that the evolutionary trends of TCI calculated using the VAR 
and QVAR-based approaches were similar. The TVP-VAR-based TCI plot was more 

Fig. 10 Net Pairwise Kurtosis Spillover for Bitcoin, Ethereum, Binance Coin, Cardano, Litecoin, and Ripple. The 
figure shows net pairwise kurtosis connectedness obtained from a TVP-VAR approach. A positive value for the 
spillover index indicates that the former of a pair is the net shock transmitter and that the latter is the receiver. 
In contrast, a negative value for the spillover index indicates that the former of a pair is the net shock receiver 
and that the latter is the transmitter. The x-axis reports years and quarters, and the y-axis reports net pairwise 
connectedness. The TVP-VAR coefficients are plotted in dark blue, whereas the red dashed line shows zero

11 The QVAR of Ando et al (2022) is also capable of estimating tail-based connectedness. Although estimating the tail-
based connectedness is beyond the scope of the current study, it may provide an interesting venue for future research.
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Fig. 11 Dynamic total spillovers for realized volatility with alternative VAR specifications. Dynamic total 
volatility connectedness based on TVP-VAR, and rolling window-based QVAR and VAR over the sample period

Fig. 12 Dynamic total spillovers for realized skewness with alternative VAR specifications. Dynamic total 
skewness connectedness based on TVP-VAR, and rolling window-based QVAR and VAR over the sample 
period

Fig. 13 Dynamic total spillovers for realized kurtosis with alternative VAR specifications. Dynamic total 
kurtosis connectedness based on TVP-VAR, and rolling window-based QVAR and VAR over the sample period



Page 29 of 39Azimli  Financial Innovation           (2024) 10:96  

responsive and adjusted more quickly or important events than the other two. This 
feature is desirable for investors concerned with systematic risk transmissions among 
financial assets and risk management at higher-frequency scales. The results related 
to the TCIs of realized skewness (see Fig.  12) and kurtosis (see Fig.  13) were more 
striking and highlighted the dynamics missed or understated by VAR- and QVAR-
based approaches. Overall, rolling-window-based connectedness procedures under-
states systematic risk transmissions relative to TVP-VAR, which is undesirable when 
the aim is to reveal higher-frequency dynamics for frequent trading and portfolio 
optimization.

Robustness tests
In this section, we conduct several robustness tests, beginning with an estimation of the 
TVP-VAR model according to different assumptions about selecting prior hyperparam-
eters. The primary TVP-VAR analysis utilized herein was estimated using a Bayesian 
VAR procedure with 200  days as the hyperparameter estimation size. Because TVP-
VAR results rely heavily on this selection, we tested whether the results obtained in the 
main empirical tests would be sensitive to different prior sizes. Accordingly, dynamic 
TCI values for realized volatility, skewness, and kurtosis were recalculated using Bayes-
ian prior sizes of 100, 150, 250, and 300 days, including an uninformative prior selec-
tion approach. Based on the results in Appendix Figs. 17, 18, and 19, which respectively 
report dynamic TCI for realized volatility (Fig. 17), realized skewness (Fig. 18), and real-
ized kurtosis (Fig. 19), respectively, the main findings were robust against the selection of 
different Bayes prior sizes (i.e. informative prior hyperparameter estimation approach), 
including the uninformative prior assumption. In all cases, the evolution of the dynamic 
TCI values was highly consistent. These observations align with those of Antonakakis 
et al. (2019).

Second, we tested whether the main results were sensitive to different lag orders. Thus, 
the TVP-VAR connectedness specification was re-estimated for lag orders of 1–4 for 
each of the three realized estimators. The findings reported in Appendix Figs. 20, 21 and 
22 demonstrate that the connectedness plots of different lag orders were highly similar 
for realized volatility (Fig. 20), realized skewness (Fig. 21) and realized kurtosis (Fig. 22). 
The analysis of different lag orders showed consistent evolutionary trends and the TCIs 
were highly responsive to significant events, including cryptocurrency market crashes, 
as documented in the main analysis.

Finally, the robustness of the results was tested against different forecast horizon 
selections. To this end, the TVP-VAR-based connectedness analysis was replicated 
using horizon values of 50, 75, 125, and 150 days. The results reported in Figs. 23, 24, 25 
strongly confirm the TCIs of realized volatility (Fig. 23), realized skewness (Fig. 24), and 
realized kurtosis (Fig. 25) obtained by the primary analysis, which used a 100-day fore-
cast horizon. Accordingly, the results obtained from the TVP-VAR analysis are robust 
against different assumptions related to prior hyperparameter estimations, lag selec-
tions, and forecast horizon selections.



Page 30 of 39Azimli  Financial Innovation           (2024) 10:96 

Conclusion
This study used 1-min price data to examine the dynamics of realized volatility, skewness, 
and kurtosis connectedness among six leading cryptocurrencies (i.e. Bitcoin, Ethereum, 
Binance, Litecoin, Cardano, and Ripple) over the period from February 10, 2020, to August 
20, 2022. Daily realized second-, third-, and fourth-moments were calculated using 1-min 
returns, which were then utilized to estimate systematic risk spillovers among the crypto-
currencies using a TVP-VAR-based connectedness approach. The main objective was to 
uncover the dynamics of systematic risk transmissions using high-frequency data via the 
analysis of volatility and high-order moments (i.e. skewness and kurtosis) during both nor-
mal stressful times. The aim of the analysis was to reveal possible hidden linkages about 
high-frequency trading, including algorithm-guided trading, thus aiding portfolio optimi-
zation and risk management decisions for those wishing to craft high-frequency trading 
strategies. Moreover, we expect policymakers to benefit from our analysis while designing 
policies around the attainment of financial stability under stressful conditions.

The findings of this study can be summarized as follows. The total dynamic systematic 
risk transmissions through all three realized estimators were significantly high with our 
high-frequency data compared with the findings of previous studies that used lower-fre-
quency price data. In addition, the systematic volatility, crash, and fat-tail risk spillovers 
among cryptocurrencies were time dependent and affected by significant events, such as 
the COVID-19 pandemic, the market crash on May 19, 2021, and the collapse of Luna. 
Moreover, different estimators were shown to capture different features of shock transmis-
sions among cryptocurrencies during different periods. For instance, net directional vola-
tility spillovers were the highest in absolute terms in early 2021, when the cryptocurrency 
market experienced a rally. However, net directional skewness spillovers were the highest 
in absolute terms during the early pandemic period, demonstrating higher transmissions 
of systematic crash risks. Additionally, net directional kurtosis spillovers were the high-
est in absolute terms during the market crash of May 2021, showing a period of higher 
transmissions of systematic extreme return (fat-tail) risks. We further documented that 
connectedness through realized volatility channels is more substantial than skewness and 
kurtosis, confirming the findings of previous studies on higher-frequency data domains. 
Systematic risk transmissions through skewness and kurtosis channels were also high. 
Thus, our findings clarify the importance of systematic risk spillovers among cryptocur-
rencies through higher-order moments. Furthermore, our findings from the net direc-
tional spillover analysis show that Bitcoin is losing its status as the leading transmitter of 
shocks within cryptocurrencies’ connectedness systems. Binance was a net shock trans-
mitter of volatility, skewness, and kurtosis shocks, dominating the volatility connectedness 
network. In contrast, skewness and kurtosis connectedness networks were dominated by 
Litecoin. Thus, our findings indicate that the cryptocurrency markets’ higher-frequency 
(minute-by-minute trading) trading domain has several unique features.

These findings offer important implications for cryptocurrency investors, portfolio 
managers, and policymakers. First, investors and portfolio managers should analyze 
systematic risk transmissions using high-order moments (skewness and kurtosis) 
when optimizing their portfolios and managing risk exposure, especially during tur-
bulent times. Our analysis of dynamic total and net directional risk transmission 
through higher moments revealed that cryptocurrencies are prone to systematic 
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transmissions of crash risk (asymmetric returns or skewness) and fait-tail risk 
(extreme returns or kurtosis). Therefore, investors and portfolio managers should for-
mulate risk management policies for adjusted risk exposure through technical diver-
sification according to their risk tolerance. Given that cryptocurrencies are volatile 
assets that may result in significant losses, understanding the evolutionary trends in 
cryptocurrency connectedness through second- and higher-order moments by inves-
tors and portfolio managers will enable them to more readily identify diversification 
opportunities and limit the impact of significant shocks. The current findings con-
cerning higher-moment risk transmission channels can be used to guide optimal 
portfolio construction. Traditionally, investors optimize for mean–variance in the 
spirit of Markowitz (1952). However, the current findings demonstrate that investors 
should consider how skewness and kurtosis interact with returns and whether mean-
skewness and mean-kurtosis trade-offs satisfy their utility.

Second, the current findings can be used to guide policymakers formulating policies 
to avoid systematic shocks under stressful market conditions, which may lead to conta-
gion. It has been shown that cryptocurrencies transmit systematic risk not only through 
second-order moments but also through third- and fourth-order moments. Thus, policy-
makers must also focus on higher moments to better understand risk transmission chan-
nels and formulate control policies. Monitoring market activities and formulating policies 
to address volatility, crash, and extreme-return risk spillovers are necessary. Specifically, 
we identified Binance and Litecoin as the main transmitters of systematic shocks within 
the connectedness systems of cryptocurrencies; thus, policymakers should pay close 
attention to these cryptocurrencies, specifically during turbulent times. This information 
will also aid investors and policymakers in achieving better risk monitoring and portfolio 
management. Investors and portfolio managers are advised to hold net shock transmitters 
and avoid net shock receivers (Bouri et al 2021). Because fewer risk sources influence net 
shock transmitters than net shock emitters, the net directional shock transmission analy-
sis provided in this paper can be used to guide investors’ diversification decisions (Mensi 
et al 2019). For instance, if a cryptocurrency is resilient to shocks transmitted by a shock-
transmitting cryptocurrency, the two can be combined to achieve diversification benefits.

Finally, given the time-varying nature of risk transmissions, policymakers should for-
mulate risk assessments and monitoring strategies to adjust risk exposure dynamically. 
The VAR-based approach used in this study can be used to identify connectedness and 
contagion risks (Mensi et al 2021). Our analysis of risk spillovers also provides essential 
implications for portfolio managers and investors. Moreover, identifying probable con-
tagion sources (i.e. cryptocurrencies that are net shock contributors in connectedness 
systems) can guide policymakers in formulating financial risk management strategies.

The present study is limited in several aspects that may guide future research 
agendas. For instance, studying dynamic connectedness at higher moments among 
the largest and micro-cap cryptocurrencies can enrich the current understanding of 
systematic risk transmission among cryptocurrencies. Another important venue for 
future research is multilayer network analysis. Furthermore, an analysis of network 
interactions can help determine whether and how volatility, skewness, and kurtosis 
networks are also connected.
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Appendix
See Figs. 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24 and 25.

Fig. 14 The network of realized volatility connectedness using TVP-VAR. The thickness of paths shows the 
strength of the spillover effect. Dark blue shows net shock transmitters, whereas yellow shows net shock 
receivers

Fig. 15 The network of realized skewness connectedness using TVP-VAR. The thickness of paths shows the 
strength of the spillover effect. Dark blue shows net shock transmitters, whereas yellow shows net shock 
receivers
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Fig. 16 The network of realized kurtosis connectedness using TVP-VAR. The thickness of paths shows the 
strength of the spillover effect. Dark blue shows net shock transmitters, whereas yellow shows net shock 
receivers

Fig. 17 Dynamic total spillovers for realized volatility with alternative TVP-VAR Bayes prior specifications. 
Dynamic total spillovers for realized volatility recalculated with TVP-VAR informative and uninformative prior 
selection assumptions. Bayes prior size for informative hyperparameter selection set to 100, 150, 200, 250, and 
300
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Fig. 18 Dynamic total spillovers for realized skewness with alternative TVP-VAR Bayes prior specifications. 
Dynamic total spillovers for realized skewness recalculated with TVP-VAR informative and uninformative prior 
selection assumptions. Bayes prior size for informative hyperparameter selection set to 100, 150, 200, 250, and 300

Fig. 19 Dynamic total spillovers for realized kurtosis with alternative TVP-VAR Bayes prior specifications. Dynamic 
total spillovers for realized kurtosis recalculated with TVP-VAR informative and uninformative prior selection 
assumptions. Bayes prior size for informative hyperparameter selection set to 100, 150, 200, 250, and 300

Fig. 20 Dynamic total spillovers for realized volatility with different lag selection. Dynamic total volatility 
connectedness based on TVP-VAR over the sample period up to 4 lags
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Fig. 21 Dynamic total spillovers for realized skewness with different lag selection. Dynamic total volatility 
connectedness based on TVP-VAR over the sample period up to 4 lags

Fig. 22 Dynamic total spillovers for realized kurtosis with different lag selection. Dynamic total volatility 
connectedness based on TVP-VAR over the sample period up to 4 lags

Fig. 23 Dynamic total spillovers for realized volatility with alternative forecast horizon selection. Dynamic 
total spillovers for realized kurtosis recalculated with forecast horizon set to 50, 75, 100, 125, and 150
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Abbreviations
TVP-VAR  Time-varying vector autoregression
DCC-GACRH  Dynamic conditional correlation generalized autoregressive conditional heteroscedasticity
RVOL  Realized volatility
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RKURT   Realized volatility
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ADF  Augmented Dickey Fuller
GIRF  Generalized impulse response function
GFEVD  Generalized forecast error variance decomposition
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VAR  Vector autoregression
QVAR  Quantile vector autoregression
EWMA  Exponentially weighted mowing average
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