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Abstract
Using 5-minute data, we capture higher-moment connectedness among three dominant cryptocurrencies. We find a moderate realized-volatility connectedness wherein Bitcoin and Litecoin (Ripple and Binance Coin) emerge as the leading spillover receivers (transmitters). A robust realized-skewness connectedness is found between Bitcoin, Ethereum and Litecoin, while a strong realized-kurtosis connectedness between Bitcoin and Ethereum. Furthermore, a time-varying connectedness analysis exhibits an enhanced higher-moment connectedness in the cryptocurrency market, which peaks during the COVID-19 pandemic. The study carries critical implications for higher-order pricing in the cryptocurrency market.  
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1. Introduction

Cryptocurrencies have evolved rapidly and turned into a global phenomenon, drawing attention from both professionals and academics. Bitcoin price hit 63,000 USD in April 2021, which originated another round of debates on the leading cryptocurrency's explosivity and fundamental value. The primary objective of cryptocurrencies is to provide an entirely independent, incorruptible, affordable, and secure platform for carrying out financial transactions. Hence, their acceptance as an alternative payment system is continuously increasing[footnoteRef:1]. Albeit their enormous potential and popularity, cryptocurrencies, especially Bitcoin, are infamous for extreme and synchronized price swings, posing various challenges for investors and financial regulators.  [1:   As of March 5, 2020, the total size of the cryptocurrency market stood at US dollar 260 billion (Source: https://coinmarketcap.com/). ] 

Cryptocurrency literature has evolved looking at the connectedness of either first (return) or second (volatility) moment in cryptocurrency[footnoteRef:2] markets (Corbet et al., 2018a; Yi et al., 2018; Omane-Adjepong & Alagidede, 2019; Balli et al., 2019; Zięba et al., 2019; Katsiampa et al., 2019; Xu et al., 2020; Borri & Shakhnov, 2019; Moratis, 2020; Huynh, 2019; Baumöhl, 2019; Ji et al., 2019; Antonakakis et al., 2019; Bouri et al., 2019). However, the existing studies overlook the connectedness between cryptocurrencies via higher moments, despite evidence that both the degree and structure of cryptocurrency connectedness may be sensitive to different moments.  [2:   For a comprehensive survey of the cryptocurrency connectedness literature, see Kyriazis (2019).  ] 

For instance, Geuder et al. (2019) show that Bitcoin price experienced exponential growth between 2016 and 2017, indicating skewed returns in the form of bubbles. Blau (2017) demonstrates that Bitcoin is about twice as volatile as conventional currencies. Baek and Elbeck (2015) report that cryptocurrencies do not necessarily follow a Gaussian distribution. In this vein, many studies investigating the price behaviour of cryptocurrencies document stylized facts, including volatility clustering (Urquhart, 2017), lottery effect (Grobys & Junttila, 2020), asymmetry and tail-risk (Phillip et al., 2018), speculative bubbles (Cheah & Fry, 2015; Fry, 2018; Corbet et al., 2018b), and inefficient pricing (Wei, 2018). These higher-moment-like features suggest that the connectedness via first- and second-moment may not be enough to understand the interlinkages among cryptocurrencies and that attention to higher-moments would be revealing.  
This paper investigates a higher-moment connectedness across major cryptocurrencies and thus distils critical information for cryptocurrency price formation. In the cryptocurrency market, higher-moments, namely skewness and kurtosis, occur due to speculative trading dominated by young investors with strong gambling preferences (Jain et al., 2019)[footnoteRef:3]. Furthermore, given that cryptocurrencies may have no intrinsic value (Corbet et al., 2018), investors' attitude regarding extreme returns would also be expressed in cryptocurrency's higher-moments. Accordingly, the speculative and herding behaviour (Vidal-Tomás et al., 2019) of cryptocurrency investors would drive their connectedness over higher-moments. Since skewness refers to the return distribution's asymmetry, its connectedness would imply how cryptocurrencies are linked via asymmetry or downside (upside) or crash risk (Barndorff-Nielsen et al., 2010). Similarly, connectedness via kurtosis would imply how fat-tail risk spreads across cryptocurrencies, revealing information transmission that coincides with extreme events. Hence, connectedness via higher moments would provide critical information for the stability of cryptocurrency markets. [3:  Jain et al. (2019) show that about half of the cryptocurrency investors are young, aging between 25 and 34 years. In addition, Kumar (2009) suggest that young investors tend to have much stronger gambling preferences.] 

Using 5-minute data, we capture higher-moment connectedness among prominent cryptocurrencies by resorting to Diebold and Yilmaz (2012)’s spillover framework. We find moderate volatility connectedness wherein Bitcoin and Litecoin (Ripple and Binance Coin) emerges as the leading spillover receivers (transmitters). A robust skewness connectedness between Bitcoin, Ethereum and Litecoin. We observe a strong kurtosis connectedness between Bitcoin and Ethereum. The time-varying analysis exhibits enhanced higher-moment connectedness between selected cryptocurrencies, which reaches its peak during the extreme phases of the COVID-19 pandemic. 
This study builds upon the recently documented evidence that higher-moments are priced in the cross-section of cryptocurrency returns, such as Jia, Liu, and Yan (2020), Zsolt and Botond (2020), and Ahmed and Al Mafrachi (2021). Contributing to this debate, we argue that higher-moments carry a significant potential to connect cryptocurrencies besides their price formation role. Thus, this study adds a vital piece of information for the cryptocurrency market's price formation and information transmission processes.  
The rest of the paper unfolds as follows. Section 2 describes the dataset and methodology. Section 3 offers empirical findings. Section 4 concludes. 

2. Data and Methodology
[bookmark: bookmark=id.gjdgxs][bookmark: bookmark=id.30j0zll]We consider high-frequency data on eight cryptocurrencies, namely Bitcoin (BTC), Binance Coin (BNB), Cardano (ADA), Ethereum (ETH), EOS (EOS), Litecoin (LTC), Ripple (XRP), Stellar (XLM). The size, liquidity, and popularity of these cryptocurrencies are critical factors behind their inclusion in our sample. Lately, these cryptocurrencies have attracted considerable attention from investors, policymakers, and academics (Caporale et al., 2018; Yi et al., 2018; Koutmos, 2018; Mensi et al., 2020). The 5-minute data are collected from https://www.binance.com/en over a period from 01 June 2018 to 25 December 2020[footnoteRef:4].  [4:  We use 5-min frequency following results by Yarovaya and Zieba (2020) who compared cryptocurrency intraday data of different frequencies 5-, 10-, 20-, 40-min and 1-hour, among others, and conclude that the use of 5-min data capture sufficient volatility and can be used in high-frequency cryptocurrency research.] 

Figure 1 presents the evaluation of selected cryptocurrency prices. We observe a decreasing trend in all cryptocurrencies’ prices from the start of the sample period to the end of 2018. After that, the prices show an exponentially increasing pattern that continues until mid-2019 before reverting to normal levels. Moreover, the onset of the COVID-19 crisis causes a sharp decrease in all cryptocurrency prices; however, we observe that prices start to recover by mid-2020 and approach new highs by the end of 2020.  
                                                       [Figure 1 here]
Our methodology consists of two steps. First, we compute higher moments for each cryptocurrency, namely realized-volatility, realized-skewness and realized-kurtosis.  Following the literature (Andersen et al., 2003; Amaya et al., 2015), we realized higher-moments, namely the realized variance (), realized skewness () and realized kurtosis () as:
									(1)
  									(2)
  									(3)
Note that the three realized moments are all in percentage terms. Next, we follow Diebold and Yilmaz (2012) to ascertain the higher-moment connectedness between our sample cryptocurrencies. To preserve space, we provide details of Diebold and Yilmaz (2012) in Appendix A, which is provided at the end. 
3. Empirical findings
3.1 Network-based connectedness 
Figure 2a presents a connectedness network for cryptocurrencies' RVs. LTC emerges as the leading receiver of volatility spillovers, followed by BTC. LTC receives volatility spillovers from BTC, ETH and EOS, whereas ETH and BNB transmit spillovers to BTC. This observation reveals that BTC being the leading cryptocurrency and LTC, being its fork, are key players in the cryptocurrency market's volatility. This finding corroborates with Ji, Bouri et al. (2019) and Yi, Xu et al. (2018) that find BTC and LTC to be the most influential currencies.
[Figure 2a here]
Moreover, we observe a two-way spillover transmission between XRP and XLM. Ji, Bouri et al. (2019) report these two currencies to have strong return connectedness. These findings indicate that these currencies are strongly connected vis-à-vis first and second-order moment channels. Contrarily, ADA emerges as a distinct actor in the RV connectedness network, suggesting a potential diversification avenue for cryptocurrency investors. Figure 2b presents the net spillover status of selected cryptocurrencies, where XRP emerges as the dominant spillover transmitter, followed by BNB and ETH, respectively. On the contrary, LTC and BTC receive most volatility spillovers making them leading net receivers among selected cryptocurrencies. 
[Figure 2b here]
Figure 3a presents an RS based connectedness network. We observe robust two-way spillover transmission between BTC, ETH and LTC, indicating that these currencies jointly experience extreme price moments. This finding relates to the price co-explosivity phenomena and tail-risk dependence in the cryptocurrency market reported by Bouri et al. (2019) and Nguyen et al. (2020), respectively. Moreover, the strong higher-moment connectedness between the two largest currencies, namely BTC and ETH, shows the price vulnerability of the cryptocurrency market and agrees with Nguyen et al. (2020) finding that these two currencies respectively are negative and positive shock drivers of the cryptocurrency market. This finding further confirms the prevalence of herding and speculative behavior among cryptocurrency investors (Vidal-Tomás et al., 2019). We observe higher-moment spillover transmission from ADA (EOS) to BTC (LTC), indicating that larger and established cryptocurrencies are more vulnerable to higher-moment spillovers than smaller and newer currencies. Contrarily, we observe that higher moments in BNB, XRP and XLM are detached from the rest of the cryptocurrencies. Hence, once included in cryptocurrency portfolios, these can offer protection from downside risk, which is also indicated by Borri (2019) regarding XRP.
[Figure 3a here]
Further, Figure 3b shows the net spillover status of cryptocurrencies, where one can quickly identify that larger and established currencies such as BTC and ETH are net spillover receivers. In contrast, relatively smaller coins such as XEM and EOS are net transmitters. This observation reinforces our suggestion that larger currencies are highly exposed to extreme price moments, making them potential beneficiaries/ benefactors of the drastic price moments in the cryptocurrency market. 
[Figure 3b here]
Figure 4a presents the connectedness network based on RK. The figure exhibits that BTC and ETH are strongly connected. Moreover, we observe robust spillover transmission from EOS and ADA to LTC. It is apparent from the kurtosis connectedness results that there is stronger spillover transmission between larger cryptocurrencies concerning the higher return moments originating from extreme events such as market-wide turbulence, economic and financial crises i-e COVID-19 crisis. Moreover, Figure 4b presents the net spillover status summary, revealing that most of the cryptocurrencies being net spillover receivers are exposed to tail risk originating from extreme price moments in the cryptocurrency markets. 
[Figure 4a and b here]
3.2 Time-varying connectedness 
Next, we estimate the time-varying connectedness between higher moments of selected cryptocurrencies to ascertain the effects of different events that may alter the connectedness structure. In doing so, we use a rolling window of 215 days based on the length of the total sample. Figure 4 shows total connectedness between cryptocurrencies concerning RV, RS and RK using red, blue (dashed) and green (dotted) lines, respectively. Overall, we observe an increasing trend of higher-moment connectedness over the sample period, indicating increased information flow and integration in the cryptocurrency market. Specifically, RV connectedness shows an average score of 70% during the sample period and overrides RS and RK's connectedness, indicating a consistent and sizeable volatility transmission between the cryptocurrencies. This finding agrees with Yi, Xu, and Wang (2018) and Koutmos (2018) that report a higher volatility transmission level in the cryptocurrency market.
[Figure 5 here]
Moreover, we observe a swift increase in RS and RK connectedness during the COVID-19 crisis period, indicating an increased likelihood of crash risk in the cryptocurrency market and increased exposure to extreme financial and economic events. Higher-moment connectedness in the cryptocurrency market during the pandemic period relates to adverse herding behaviour reported by da Gama Silva et al. (2019). Besides, the enhanced RS and RK connectedness also indicate that cryptocurrencies are linked via extreme positive returns. This finding corroborates with the cryptocurrency market's co-explosivity trend observed by Bouri, Shahzad, and Roubaud (2019) and Shahzad et al. (2021). These findings signify that digital currencies, like other financial assets, are also exposed to market contagion effects, and investors should consider things while formulating digital currency portfolios and investment strategies. 
4. Conclusion
This paper examined the higher-moment connectedness between eight prominent cryptocurrencies using high-frequency data. By employing a network-based approach, we find a moderate, robust, and strong connectedness over volatility, skewness and kurtosis, respectively, of the cryptocurrency market. The time-varying analysis reveals that the higher-moment connectedness peaked during the COVID-19 pandemic.
Our findings carry important implications for higher-order pricing in the cryptocurrency market as well as for cryptocurrency investors by looking through the lens of higher-moment connectedness of leading cryptocurrencies. These insights are equally important for investors and portfolio managers to formulate investment strategies using extreme returns of digital currencies, which is a fundamental feature of the cryptocurrency market. In particular, the higher-moment connectedness patterns uncovered by this study caution the investors to carefully track how crash risk and fat-tail risk spread across the cryptocurrency market. In this way, the crypto-investors may preempt the trajectory higher-moment shocks from one cryptocurrency to another and adjust their holdings accordingly. In other words, our findings highlight diversification opportunities for digital currency investors that are much sought after given the highly volatile nature of the cryptocurrency market. Adding to the previously documented evidence that higher-moments are priced in the cross-section of cryptocurrency returns (Jia et al., 2020; Zsolt & Botond, 2020; Ahmed & Al Mafrachi, 2021), we argue that not only the higher-moments but also their connectedness dynamics be accounted for in the higher-order price formation process of the cryptocurrency markets. Finally, by pointing out the cryptocurrencies that are primary transmitters and receivers of higher-moment shocks, this study provides critical insights to policymakers for the stability of cryptocurrency markets. 
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Appendix A
The Connectedness Model of Diebold and Yilmaz (2012)
Diebold and Yilmaz (2012) resort to the generalized vector autoregressive (VAR) setting to obtain the connectedness computations. The VAR framework produces forecast error variance decompositions (FEVD), leading to the connectedness estimates. To this end, a covariance-stationary VAR (p) model for N-cryptocurrencies is constructed as  , where . Consequently, a moving average (MA) depiction driven from the VAR model, therefore, results in an MA () process, , where  is a coefficient matrix of order , which is recursively computed through , where  is the identity matrix. 
Subsequently, we follow Koop et al. (1996) and Pesaran and Shin (1998) to achieve orthogonality through the generalized framework. Hence, a given cryptocurrency ’s contribution to another cryptocurrency ’s H-step-ahead generalized forecast error variance is represented by , and estimated by:
,								(1)
Where  and  represent the covariance matrix of errors and the  component of the standard deviation’s diagonal, respectively. For an  component,  takes a value of one and zero otherwise. In the non-orthogonalized VAR’s infinite MA representation,  represents a coefficient matrix with the multiplication of h-lagged errors. 
Accordingly, the pairwise connectedness from cryptocurrency j to cryptocurrency i is given by:
										(2)
Consequently, we can capture the total directional connectedness from (to) other cryptocurrencies to cryptocurrency j (i). According to Diebold and Yilmaz (2012), it can be obtained by dividing the off-diagonal sum of columns (rows) by the sum of all elements. It is represented by:
								(3)
								(4)
Similarly, we can obtain the total or system-wide connectedness. According to the authors, it can be computed by dividing the sum of to others (from others) elements by the sum of all its elements:
								(5)


Figure 1: Evolution of high-frequency price series for cryptocurrencies
a) Bitcoin (BTC)				b) Ethereum (ETH)
[image: ]	    [image: ]
c) Ripple (XRP)				d) Litecoin (LTC)
[image: ]	    [image: ]
e) Binance Coin (BNB)				f) Cardano (ADA)
[image: ]	    [image: ]
g) Stellar (XLM)				h) EOS (EOS)
[image: ]	    [image: ]
Note: The figure presents the time evolution of high-frequency 5-min data from 1/06/2018 – 25/12/2020


Figure 2. The network of realized volatility (RV) connectedness using Diebold and Yilmaz (2012)
a) Network of realized volatility (RV)
[image: ]

b) Summary measures of connectedness network
[image: ]
Note: Panel A shows the connectedness among 8 sampled cryptocurrencies using VAR (1). We only keep the connectedness values larger than the average of the 16 largest individuals pairwise connectedness measures. Panel B shows the three summary measures of the connectedness network. To, From, and Net. Net position is shown through a green dot with the line.


Figure 3. The network of realized skewness (RS) connectedness using Diebold and Yilmaz (2012)
a) Network of realized skewness (RS)
[image: ]
b) Summary measures of connectedness network
[image: ]
Note: Refer to Figure 2


Figure 4. The network of realized kurtosis (RK) connectedness using Diebold and Yilmaz (2012)
a) Network of realized kurtosis (RK)
[image: ]
b) Summary measures of connectedness network
[image: ]
Note: Refer to Figure 2


Figure 5. Total time-varying connectedness using Diebold and Yilmaz (2012).
[image: ]
Note. This figure shows the rolling-window version of total connectedness. The rolling-window length is 215 days. Red, blue (dashed), and green (dotted) lines represent realized volatility (RV), realized skewness (RS), and realized kurtosis (RK), respectively.
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