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Introduction
Liquidity is a crucial facet of today’s financial markets that encompasses ease, speed, and 
affordability that an investor can trade. Liquidity is of great relevance to investors and 
policymakers, as a systematic liquidity factor exists in many financial markets (Chordia 
et al. 2001; Marshall et al. 2013). Liquidity levels are connected across similar assets and 
vary over time (Hasbrouck and Seppi 2001). An asset’s liquidity is also linked to mar-
ket-wide liquidity—an idea often known as liquidity commonality (Chordia et al. 2000; 
Chuliá et  al. 2020). Inekwe (2020) recently introduced liquidity connectedness, which 
has comprehensively accounted for cross-asset liquidity linkages and liquidity common-
ality. This network-based approach provides a holistic view of liquidity transmission by 
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identifying the transmitters and receivers of liquidity shocks within a system. Although 
liquidity commonality has been studied for various financial markets,1 until now, liquid-
ity connectedness has only been examined for stock markets (Inekwe 2020).

We examine the liquidity connectedness in the cryptocurrency market. Cryptocurren-
cies have shown tremendous potential recently; thus, trading volumes in cryptocurrency 
markets are rising, indicating that the liquidity levels in these markets2 are significantly 
improving (Shahzad et al. 2019). Additionally, the sentiment toward the cryptocurrency 
market is showing positive signs (Naeem et al. 2020b, 2021b). However, greater institu-
tional involvement means improved liquidity in the cryptocurrency market. This notion 
implies a heightened risk of liquidity transmission across cryptocurrencies. Massive 
price swings have brought about sudden and synchronized movements in cryptocur-
rency liquidity over the past few years, raising serious concerns among investors and 
policymakers (Al-Yahyaee et  al. 2020). Moreover, cryptocurrencies are tightly inter-
linked (Antonakakis et al. 2019). Thus, trading in cryptocurrencies depends on trading 
cost (Shahzad et al. 2021a,b), how crypto liquidity links to one another, and market-wide 
liquidity. Understanding liquidity connectedness in the cryptocurrency market can also 
help devise trading, investing, and hedging strategies involving cryptocurrencies (Hu 
et al. 2019) as liquidity is an essential factor in such matters.

The existing literature proposed two potential channels of liquidity connectedness. 
Demand-induced connectedness can be associated with the synchronized trading 
behavior of the investors (Chordia et  al. 2000; Hasbrouck and Seppi 2001). This case 
would take place when large trading orders, mainly placed by institutional investors, put 
pressure on dealers’ inventory levels, further inducing fluctuations in the liquidity levels 
and co-movements (Kamara et al. 2008). Koch et al. (2016) suggested that index trading 
by institutional investors becomes an increasingly important source of demand-gener-
ated liquidity connectedness. Shocks caused by mutual funds’ simultaneous traded pat-
terns and substantial trade imbalances also lead to liquidity connectedness.

Conversely, supply-induced liquidity connectedness can be attributed to the financial 
intermediaries’ funding constraints for providing liquidity (Brunnermeier and Pedersen 
2009), particularly during significant market downturns that typically result in a liquidity 
crunch. Coughenour and Saad (2004) and Hameed et al. (2010) showed that increases 
in cross-industry liquidity spillovers are induced by significant and negative returns in 
counterpart industries. Such supply-driven liquidity spillovers in industries partly sug-
gest commonality because the liquidity dry-ups affect the entire market.3

Although the two channels are not mutually exclusive and could drive liquidity con-
nectedness, we would expect the demand-side channel to significantly influence the 

1  Liquidity commonality has been rigorously explored for various markets, including bonds, stocks, commodities, and 
currencies (Chordia et al. 2001; Marshall et al. 2012, 2013; Chuliá et al. 2020; and Inekwe 2020).
2  Although the cryptocurrencies have gained substantial confidence from the investment community, which will have 
positive consequences for their liquidity, the overall liquidity levels around cryptocurrency market are still much lower 
than the traditional asset markets. For example, as of January 2020, Bitcoin’s monthly trading volume amounted to 
roughly USD 930 billion compared with USD 1.03 trillion trading volume on the NYSE for the same period, reported by 
Brauneis et al. (2020).
3  Prior literature also suggests a causal link between liquidity and volatility. For traditional assets, lower liquidity con-
tributes to higher volatility, whereas higher liquidity leads to lower volatility, and vice versa (Będowska-Sójka and 
Kliber 2019). However, for speculative assets like cryptocurrencies, higher volatility can contribute to higher liquidity 
(Będowska-Sójka et al. 2020).
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liquidity connectedness in the cryptocurrency market.4 This argument is motivated by 
the recent rise of cryptocurrency demand (Foley et al. 2019). This phenomenon has not 
only made these markets more liquid but also given rise to potentially synchronized 
liquidity swings. Notably, cryptocurrency markets are crowded with individual inves-
tors and speculators, whose trading activities are often characterized by herd behavior 
(Vidal-Tomás et al. 2019). Once fueled by herd behavior, investors’ speculative demand 
for cryptocurrencies (Bouri et  al. 2019a; da Gama Silva et  al. 2019; Gurdgiev and 
O’Loughlin 2020) is likely to drive the liquidity connectedness across cryptocurrency 
markets. Additionally, as highlighted above, institutional investors become involved in 
cryptocurrency trading owing to the various online trading platforms5 catering to the 
rising institutional demand for trading and hedging purposes (Foley et al. 2019). Insti-
tutional investors’ liquidity buildups in the cryptocurrency market also potentially 
strengthen the demand-side channel of liquidity connectedness through correlated trad-
ing. Finally, volatility may also induce liquidity connectedness (Chuliá et al. 2020), which 
aligns with the theoretical framework proposed by Brunnermeier and Pedersen (2009). 
According to this framework, higher market volatility contributes to a rise in liquidity 
connectedness, which results from a decline in liquidity provision available for financial 
intermediaries.

Based on the theoretical background, we take the cryptocurrency liquidity literature 
a step ahead and explore liquidity connectedness in cryptocurrency markets. This study 
mainly contributes by exploring liquidity connectedness in financial markets, such as the 
stock market (Chuliá et al. 2020; Inekwe 2020). More importantly, we investigate liquid-
ity linkages among cryptocurrencies, adding to the previous works on crypto liquidity 
and its relationship with price efficiency (Brauneis and Mestel 2018; Naeem et al. 2021a). 
Accordingly, we implement the connectedness model of Diebold and Yilmaz (2012) 
and the frequency connectedness model of Baruník and Křehlík (2018) to the widely 
recognized and most liquid set of cryptocurrencies. The relevance of time–frequency 
analysis of liquidity connectedness emanates from the fact that investors function at dif-
ferent investment horizons, expressed in various trading frequencies, tools, and strat-
egies (Gençay et  al., 2010; Bredin et  al. 2017). Consequently, through these trading 
dynamics, the investor’s time horizons could well be reflected in crypto liquidity and its 
connectedness.

Our static analysis reveals a moderate liquidity connectedness among our sample 
cryptocurrencies, with Bitcoin (BTC) and Litecoin (LTC) playing a significant role in 
connectedness magnitude. Distinct liquidity clusters for Ethereum (ETH) and Dash are 
observed for BTC, LTC, and Ripple (XRP). Moreover, liquidity connectedness is more 
pronounced in the short-run time horizon than in the medium- and long-run time hori-
zons. The time-varying analysis shows that the liquidity connectedness has increased 

4  We do understand that, in line with Bellavitis et  al. (2020), regulatory spillovers might affect the quality of liquidity 
spillovers in cryptocurrency market. However, whether they affect through demand or supply channel, our spillover 
connectedness measures would take into account these regulatory changes. Nonetheless, an explicit study of such regu-
latory spillovers’ role is beyond the scope of our work.
5  Foley et al. (2019) report that, as of July 2018, there are over 1800 cryptocurrencies available, whose combined mar-
ket capitalization exceeded $300 billion. Various online cryptocurrency markets and exchanges trade around $50 billion 
every day.
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over time, pointing to the potential impact of increasing demand and higher acceptabil-
ity on individual and institutional investors for this unique asset.

The remainder of the paper unfolds as follows. "Literature review" section provides a 
summary of the related literature. "Data and methodology" section describes the data-
set and methodology. Fourth section presents "Empirical findings". "Conclusion" section 
concludes the study.

Literature review
This section provides a brief overview of the literature related to the topic. Cryptocur-
rencies have demonstrated tremendous potential for integration into the global financial 
system, albeit their speculative demand has significantly contributed to their volatility 
and price bubbles (Cheung et al. 2015; Fry and Cheah 2016; Corbet et al. 2018; Bouri 
et  al. 2019b). Cryptocurrencies have also shown hedging/safe-haven potential against 
traditional assets (Naeem et al. 2020a; Bouri et al. 2020). Additionally, cryptocurrencies 
carry unique and attractive features for investors, including anonymity, decentralization, 
little oversight, and low transaction costs. Well-reputed financial institutions have been 
participating in the cryptocurrency market since 2018. For instance, Fidelity, ICE, and 
NASDAQ have taken steps to strengthen the cryptocurrency trading infrastructure. In 
February 2019, the public pensions’ entry into the cryptocurrency market boosted other 
institutional investors’ confidence (Brauneis et al. 2020).

Consequently, research into cryptocurrency markets has grown exponentially in 
recent years. Broadly, two strands of literature are related to the topic. The first strand 
encircles the studies focusing on the liquidity in the cryptocurrency market. The second 
one summarizes the literature that focused on the connectedness or spillovers among 
cryptocurrency markets.

The first and emerging strand of literature that looks at liquidity in the cryptocurrency 
market has not emphasized the connectedness of liquidity among these markets. Kim 
(2017) and Dyhrberg et al. (2018) suggested that BTC’s attractiveness for retail trading 
lies in its lower transaction costs. Loi (2018) also regarded various exchanges to compare 
liquidity. By implementing different low-frequency liquidity indicators, the author found 
that BTC’s liquidity is typically lower than stocks and that liquidity differs throughout 
exchanges. Similarly, Smales (2019) suggested that the liquidity for BTC is lower than 
other safe-haven investments, such as gold. Considering different sets of cryptocurren-
cies, Brauneis and Mestel (2020) and Wei (2018) indicated a positive (negative) rela-
tionship between liquidity and price efficiency (volatility). Koutmos (2018) developed a 
proxy for liquidity uncertainty by relating it to the market features and trading activity of 
BTC. Scharnowski (2021) found that BTC’s trading volume correlates with the number 
of tweets and Google search volume. Then, Baur et al. (2019) documented that BTC’s 
trading volume undergoes daily and weekly calendar anomalies. By closely relating to 
this strand of literature, we found many empirical studies documenting the linkage 
between trading volume and returns in the cryptocurrency market, indicating the need 
for exploring the determinants of trading activity (Bouri et al. 2019c). Many studies capi-
talized on transaction data for capturing liquidity in the cryptocurrency market while 
mainly focusing on BTC, such as Loi (2018), Wei (2018), and Brauneis and Mestel (2018). 
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Overall, this literature strand has explored various facets of cryptocurrency liquidity and 
predominantly investigates the linkage between liquidity and efficiency. However, no 
study examined the liquidity connectedness in cryptocurrency markets.

The second strand of empirical works investigated the connectedness of either return 
or volatility in the cryptocurrency market but considered the connectedness of liquidity 
in these markets. Table 1 provides a summary of all those works.6 A key message from 
these studies is that cryptocurrency markets become increasingly interconnected over 
time regarding their returns and volatilities.

The extent and composition of cryptocurrency interconnectedness exhibit a dynamic 
behavior. Our work contributes to this literature by joining both strands of literature. We 
argue that, given the presence of interlinkages in cryptocurrency markets, the intercon-
nectedness of liquidity markets and the dynamics of this liquidity connectedness over 
time and frequency have a substantial potential for exploration. Most previous studies 
about cryptocurrency connectedness emphasized the spillover dynamics of return (Xu 
et al. 2021) or volatility (Bouri et al. 2021a). Studies considering cryptocurrency liquid-
ity examined other dimensions of liquidity, such as BTC’s transaction costs and trad-
ing (Kim 2017; Dyhrberg et al. 2018). However, no efforts have been made to investigate 
liquidity connectedness in the cryptocurrency market. We contribute to this dimen-
sion in the following ways. First, this study examines the connectedness or spillovers 
among cryptocurrency markets’ returns or volatilities. We provide a novel evidence on 
the interconnectedness of crypto liquidity instead of returns or volatility spillover litera-
ture provided in Table 1. To the best of our knowledge, this study is the first to uncover 
the dynamics of liquidity connectedness in cryptocurrency markets. Thus, second, we 
contribute to a broad strand of literature by focusing on the connectedness or spillo-
vers among financial markets, such as stock market (Diebold and Yilmaz 2009; Shahzad 
et al. 2018), bond markets (Christiansen 2007; Ahmad et al. 2018), commodity markets 
(Diebold et al. 2017; Balli et al. 2019), forex markets (Baruník et al. 2017), and small and 
medium enterprises (Kou et al. 2014, 2021; Zha et al. 2020). Third, this study explores 
liquidity connectedness in financial markets, such as the stock market (Chuliá et  al. 
2020; Inekwe 2020). Finally, this study takes the literature on cryptocurrency liquidity 
one step further by exploring the liquidity linkages among cryptocurrencies, thereby 
adding to the previous works on crypto liquidity or its linkage with price efficiency (Kim 
2017; Dyhrberg et al. 2018; Loi 2018; Smales 2019; Wei 2018; Brauneis and Mestel 2018; 
Koutmos 2018; Baur et al. 2019; Bouri et al. 2019d).

Data and methodology
Data

We select the six most liquid cryptocurrencies, namely, BTC, LTC, ETH, XRP, Mon-
ero (XMR), and Dash. At the moment, these cryptocurrencies are the most impor-
tant in terms of trading volume. Within our sample, as of 2019, in terms of trading 
volume and market capitalization, BTC is the largest cryptocurrency, followed by 
ETH, LTC, XMR, Dash, and XRP (Al-Yahyaee et  al. 2020). We consider these six 

6  Kyriazis (2019) also provides a survey of the studies that have thus far investigated the spillovers or connectedness in 
cryptocurrency market.
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cryptocurrencies as they attract considerable attention from investors, policymakers, 
and academics, such as Al-Yahyaee et al. (2020). The liquidity and popularity of these 
cryptocurrencies are critical elements of our choice to include them in this study. All 
cryptocurrencies’ daily prices and trading volumes constitute our dataset, spanning 
from August 7, 2015, to December 28, 2019. The data were gathered from coinmar-
ketcap.com, which is the most popular data hub for cryptocurrency information and 
has been extensively used by many recent works (Yi et al. 2018; Omane-Adjepong and 
Alagidede 2019).

Methodology

Our methodology consists of three parts. The first part introduces the two measures 
that we use to compute liquidity in the cryptocurrency market. The second one lays 
out the details of the connectedness framework proposed by Diebold and Yilmaz 
(2012). Finally, the third part is the methodology section, that is, the frequency con-
nectedness framework of Brunik and Krehlik (2016). This framework allows us to 
capture the time–frequency dynamics of the liquidity connectedness among crypto-
currency markets.

Liquidity measures

In this study, we use two liquidity measures. The first one is the measure of Amihud 
(2002) given in Eq. (1), which was used by several studies (Kamara et al. 2008; Korajc-
zyk and Sadka 2008; Marshall et al. 2012). Such studies highlighted its superiority over 
other low-frequency liquidity proxies, which often do a poor job in capturing liquidity in 
financial markets. Brauneis and Mestel (2018) also used this measure for the computing 
liquidity for the cryptocurrency market.

where Rett and Volt are the returns and dollar volumes on day t for a given cryptocur-
rency, respectively.

The second liquidity measure used in this study is the volatility-over-volume ( VoVt ). 
Introduced by Fong et al. (2018), this measure minimizes the impact of extreme values 
using a range of high ( Ht ) and low ( Lt ) prices, instead of absolute returns, and the square 
root of the volume on a given day. This measure is given as follows:

Liquidity connectedness of Diebold and Yilmaz (2012)

We first apply the spillover model of Diebold and Yilmaz (2012) to compute the liquid-
ity connectedness across our sample cryptocurrencies. Moreover, we implement the 

(1)LIQt =
|Rett|
Volt

,

(2)VoVt =
ln
(
Ht
Lt

)

√
Volt

.
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connectedness framework of Baruník and Křehlík (2018) to further explore the time–
frequency domain aspect of liquidity connectedness.

Liquidity connectedness of Diebold and Yilmaz (2012)

Following Diebold and Yilmaz (2012), we build on an N-variable vector autoregression 
(VAR) fitted to the cryptocurrency illiquidity series. To begin, we consider an N-dimen-
sional vector yt =

(
y1t , . . . ,u = ynt

)′
 holding the illiquidity series of N cryptocurren-

cies, which is modeled by a covariance stationary VAR (p) as yt =
∑p

i=1 φiyt−i + εt . In 
this equation, εt ∼ N (0,�ε) is a vector of independently and identically distributed dis-
turbances and φi , for i = 1, . . . , p coefficient matrices. Consequently, a moving average 
(MA) depiction driven from the VAR model, therefore, results in an MA ( ∞ ) process, 
yt =

∑∞
i=0 ψiεt−i , where ψi is a coefficient matrix of order N × N  , which is recursively 

computed through ψi = φ1ψi−1 + φ2ψi−2 + · · · + φpψi−p , where ψ0 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 series j ’s contribution 
to another series i ’s H-step-ahead generalized forecast error variance is represented by 
ξij(H) , which is estimated as follows:

where 
∑

 and σjj represent the covariance matrix of errors and the jth component of the 
standard deviation’s diagonal, respectively. For an ith component, ℑi takes a value of 1, 
and 0 if otherwise.7 In the non-orthogonalized Vector Autoregressives (VAR’s) infinite 
Moving Average (MA) representation, ψh represents a coefficient matrix with the multi-
plication of h-lagged errors.

Accordingly, the pairwise connectedness from series j to series i is given as follows:

Consequently, we can capture the total directional connectedness to (from) other 
series to series j (i). Diebold and Yilmaz (2012) noted that the total directional con-
nectedness can be obtained by dividing the off-diagonal sum of columns (rows) by the 
sum of all elements, which is represented as follows:

(3)ξij(H) =
σ−1
jj

∑H−1
h=0

(
ℑ′
iψh

∑
ℑj

)2
∑H−1

h=0

(
ℑ′
iψh

∑
ψ ′
hℑi

)2 ,

(4)�H
i←j = ξij(H).

(5)
�H

i←• =
1

N

N∑

j = 1
j �= i

ξij(H),

(6)
�H

•←j =
1

N

N∑

i = 1
i �= j

ξij(H).

7  Diebold and Yilmaz (2012) obtain the variance decompositions through a VAR system which is independent of vari-
able ordering (Koop et al. 1996; Pesaran and Shin 1998). Note that we use the forecast error variance decomposition 
(FEVD), which is used is the Generalized FEVD of Pesaran and Shin (1998), and not the baseline FEVD.
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Similarly, we can obtain the total or system-wide connectedness. According to Die-
bold and Yilmaz (2012), this connectedness can be computed by dividing the sum of 
other (from others) elements by the sum of all its elements:

Frequency connectedness of Baruník and Křehlík (2018)

Next, we estimate the cross-market connectedness over short- and long-term horizons. 
Accordingly, we resort to Baruník and Křehlík (2018) frequency connectedness model. The 
model decomposes the variance into spectral components and computes the connected-
ness over short- and long-term horizons.

Accordingly, the Fourier transform of the coefficients Ŵk , for i =
√
−1 , helps us ascertain 

the frequency response function, Ŵ
(
ℑ−iθk

)
=

∑
k

ℑ−iψkŴk . At a given frequency band, θ, 

the Fourier Transform for MA(∞) processes defines XY’s spectral density and is given as 
follows:

where TXY (θ) is the power spectrum that maps the distribution of XYt ’s variance for 
each ψ . Frequency domains can also be alternatively described through covariance’s 
spectral decomposition, which is expressed as Exp

(
XYt ,XY

′
t−k

)
=

ϕ

∫
−ϕ

Tφ(θ)ℑifkdθ.

Following Baruník and Křehlík (2018), the cross-spectral density of the interval, 
l = (c, d) : c, d ∈ (−ϕ,ϕ), c < d, is estimated and given as follows:

for θ ∈
{
cK

/
2π , . . . ,

dK
/
2π

}
 , where

and

where y represents adjustments that correspond to the loss of degrees of freedom, which 
strictly depends on the VAR framework.

Consequently, a frequency-based decomposition of the impulse response is given by 
Ŵ̂(l) =

∑
f

Ŵ̂(θ) , where the generalized FEVDs are calculated as follows:

(7)
�H = 1

N

N∑

i, j = 1
i �= j

ξij(H).

(8)

(9)
∑

θ

Ŵ̂
(
f
)∑̂

Ŵ̂′(θ),

(10)Ŵ̂(θ) =
K−1∑

k=0

Ŵ̂kℑ−2iϕθ/K

∑̂
= ε̂′ε̂/(

�− y
)
,

(11)
(
ℜ̂l

)
j,m

=
∑

f

ρ̂j(θ)

(
P̂(θ)

)
j,m

,
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where 
(
P̂(θ)

)
j,m

= δ̂−1

ll

((
η̂(θ)

∑̂)
j,m

)2
/(

Ŵ̂(θ)
∑̂

Ŵ′(θ)
)
j,j

 and ℜ̂j(θ) =
(
Ŵ̂(θ)

∑̂
Ŵ′(θ)

)
j,j

/
(f )j,j 

denote the estimates for the generalized causation spectrum and the weighted fraction, 
respectively; f  can be computed from 

∑
f

Ŵ̂(θ)
∑̂

Ŵ̂′(θ) . Finally, the frequency connected-

ness estimates are achieved by substituting 
(
ℜ̂k

)
j,m

 into the abovementioned connected-

ness matrices.

Empirical findings
Liquidity connectedness and clustering

We use the spillover approach of Diebold and Yilmaz (2012) to estimate the liquidity 
connectedness among six major8 cryptocurrencies, namely, BTC, LTC, ETH, XRP, XMR, 
and Dash. Figure 1 depicts a liquidity connectedness network that shows the direction, 
magnitude, and strength of liquidity spillovers from each currency to all other coins and 
backward. In terms of size, BTC and LTC are the most significant contributors in the 
liquidity connectedness network, followed by Dash and XRP, whereas ETH and XMR 

Fig. 1  Spillover diagram using DY approach. Note: This network graph illustrates the degree of total 
connectedness in a system that consists of the six cryptocurrencies over the full sample period. Total 
connectedness is measured using the Diebold-Yilmaz framework. The size of the node shows the 
magnitude of contribution of each variable to system connectedness, while the color indicates the origin of 
connectedness. In particular, the red color implies contribution from the variable under consideration to the 
other variables of the system and the green color means contribution from the other variables to the variable 
under analysis. The color and shape of the arrows refer to the strength of connectedness. The red colour 
and full line arrows represent strong spillovers while green and blue colour arrows show medium and weak 
liquidity spillovers, respectively

8  Bitocin, Ethereum and Ripple are top three currencies in term of market capitalization while Litecoin, Monero and 
Dash stand at 7th, 14th and 19th spot, respectively. Coindesk.com/coindesk20 (accessed on 2020, April 04).
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are the smallest contributors. Moreover, in terms of net spillovers, BTC, Dash, and XMR 
are net receivers of liquidity spillovers, whereas LTC, XRP, and ETH are net transmitters.

BTC is the leading net receiver of liquidity spillovers. BTC receives strong liquid-
ity spillovers from LTC and medium spillovers from XRP and ETH, whereas the rest 
of the currencies transmit weak liquidity spillovers to BTC. Conversely, BTC transmits 
strong liquidity spillovers to LTC and weak spillovers to all other currencies. Interest-
ingly, despite being the most liquid (Wei 2018) and the largest cryptocurrency, BTC 
receives substantial liquidity spillovers from smaller currencies, that is, XRP. This 
observation questions the dominance of BTC in the cryptocurrency market concern-
ing return (Antonakakis et al. 2019; Ji et al. 2019) and volatility (Yi et al. 2018) spillover 
transmitter. However, owing to the concept of liquidity commonality, we suggest that 
an increase in the overall cryptocurrency market liquidity will enhance BTC’s liquidity 
more than any other currency because it reigns as a well-established and most signifi-
cant cryptocurrency.

Similar to BTC, Dash and XMR are also net receivers of liquidity spillovers. Dash 
receives medium liquidity spillovers from ETH and XRP and transmits the same to 
XMR and ETH. From another perspective, XMR receives medium spillovers from 
Dash but weak spillovers from the rest of the currencies and only transmits medium 
liquidity spillovers to Dash. Interestingly, the smallest cryptocurrency in our sample, 
that is, Dash, receives substantial liquidity spillover from ETH and XRP, which are 
relatively smaller cryptocurrencies than BTC.

Unlike BTC, its fork, LTC, is a net transmitter of liquidity spillovers, which trans-
mits strong (medium) liquidity spillovers to BTC (XRP), whereas other currencies 
receive weak liquidity spillovers from LTC. Similarly, ETH and XRP are also net 
transmitters of liquidity spillovers. In addition to transmitting medium liquidity spill-
overs to BTC and Dash, ETH transmits weak liquidity spillovers to other currencies. 
Remarkably, XRP is the most connected cryptocurrency in terms of spillovers trans-
mission strength, which transmits substantial liquidity spillovers to more currencies 
than any other net transmitters. XRP’s liquidity transmission strength could be attrib-
uted to its unique payment system, fast transaction process, and lower transaction 
cost.9

Following the network-based liquidity connectedness analysis, we move to estimate 
and analyze liquidity clustering in the cryptocurrency market. Ji et al. (2019) reported 
that cryptocurrencies tend to show similar (different) returns and volatility patterns, 
which potentially make them compliments (diversifiers). Additionally, using different 
Eurozone credit market sectors, Shahzad et al. (2019) maintained that identifying differ-
ent risk clusters can help devise diversification strategies. Thus, using liquidity cluster-
ing analysis, we posit that currencies appearing in distinct liquidity clusters could serve 
diverse investment objectives, that is, short-/long-term, and serve as complements or 
alternatives.

We use the symmetric part of the connectedness table to form liquidity clusters. Fig-
ure  2 shows the liquidity clusters, where red and blue identify two distinct liquidity 

9  As of 9th April 2020, the average transaction time for Ripple transaction is between 3 and 5 s and transaction cost is 
0.0000051. See https://​ripple.​com/​xrp/

https://ripple.com/xrp/


Page 14 of 25Hasan et al. Financial Innovation             (2022) 8:3 

clusters. The liquidity clustering shows that BTC, LTC, and XRP form a liquidity clus-
ter, whereas Dash, ETH, and XMR form another distinct liquidity cluster. BTC/LTC and 
Dash/ETH pairs show tight clustering within the clusters, whereas XRP and XMR have 
dispersed positioning in each cluster. These observations reinforce our liquidity con-
nectedness findings, showing that BTC and LTC are strongly connected. Additionally, 
these findings confirm moderate liquidity connectedness between ETH and Dash. Con-
versely, the loose clustering of XMR validates its least connectivity to other currencies.

Overall, the full sample results show moderate liquidity connectedness among crypto-
currencies, with BTC and LTC being the prominent actors in terms of magnitude. They 
also form a distinct liquidity cluster along with XRP. Consequently, the BTC/LTC pair 
could serve as a strong complement in a portfolio as they also maintain a strong (weak) 
return (volatility) connectedness (Ji et  al. 2019). Similarly, the LTC/XRP pair appears 
to present promising complementary attributes because of its medium liquidity con-
nectedness, low volatility connectedness (Yi et al. 2018), and price co-explosivity (Bouri 
et al. 2019e). In an economic context, the complimentary liquidity attributes of differ-
ent cryptocurrencies suggest profitable avenues for an investor operating in the crypto-
currency market. Specifically, these opportunities can provide sizable economic profits 
when the right combination of cryptocurrencies is used to form investment portfolios, 
that is, BTC and LTC. Moreover, long-term investors holding portfolios of complemen-
tary cryptocurrencies can benefit from price explosiveness episodes frequently observed 
in the cryptocurrency market. Hence, investors can group complementary cryptocur-
rencies into their portfolios to make most of the opportunities available in the market. 
Furthermore, the weakest liquidity connectedness and separate clustering of XMR are 
potential substitute investments among cryptocurrencies. One possible explanation of 
the distinction for XMR could be its extreme secrecy of transaction processes, which is 
distinctive from the leading cryptocurrencies, that is, BTC.

Liquidity connectedness and clustering in frequency domains

Furthermore, we refer to Baruník and Křehlík (2018) to estimate and analyze the liquid-
ity connectedness among cryptocurrencies in three frequency domains, namely, short 
run (1–5  days), medium run (6–56  days), and long run (> 56  days). We choose these 

Fig. 2  Cluster based on decomposed DY approach. Note: This figure shows the symmetric part of the 
connectedness table for the full sample period. Two colours (red and blue) show two distinct risk clusters 
formed through hierarchical clustering
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frequency bands based on the literature (Balli et  al. 2020; Baruník and Křehlík 2018; 
Hasan et  al. 2021). Collectively, frequency domain analysis shows moderately strong 
connectedness in magnitude and strength terms for the long run as opposed to low and 
negligible connectedness in short- and medium-run frequencies, respectively. Specifi-
cally, in the short run (Fig.  3a), we observe moderate connectedness among BTC and 
LTC, and these currencies also heavily contribute to the connectedness magnitude fol-
lowed by Dash and XRP. Except for BTC/LTC and Dash/XRP pairs, relatively moderate 
liquidity connectedness among cryptocurrencies in the short run shows that investors 
tend to trade the most liquid currencies more frequently than their less liquid counter-
parts, that is, ETH and XMR. Additionally, factors such as strong return connectedness 
(Ji et al. 2019; Naeem et al. 2021c) and frequent co-price explosivity (Bouri et al. 2019c) 
of BTC/LTC and LTC/XRP pairs may also play a role in liquidity connectedness for 
these currencies in the short run. Furthermore, Fig. 3b presents the medium-run liquid-
ity connectedness network. Notably, the magnitude and strength of connectedness are 
weaker in the medium run than in other frequency domains. For example, we observe 
a significant decline in the magnitude and strength of total spillovers from and to BTC 
in the medium-run analysis. However, all the cryptocurrencies maintain a similar net 
spillover status in the short and medium terms.

Fig. 3  Frequency domain spillover using BK approach
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Furthermore, Fig. 3c presents the long-run results of liquidity connectedness, showing 
several changes in the network. First, we observe a substantial increase in the magni-
tude of connectedness for ETH as it surpasses BTC and LTC. Second, the strength of 
incoming and outgoing spillovers for ETH is much stronger than that of any other cryp-
tocurrency. Notably, being the second-largest cryptocurrency after BTC, ETH displays a 
vital role in liquidity transmission within the cryptocurrency market in the long run. In 
a different vein, Antonakakis et al. (2019) reported the enhanced importance of ETH in 
the recent past as it takes the role of the leading net return spillover transmitter surpass-
ing BTC. Finally, although all the cryptocurrencies maintain their net spillover status, 
the majority of liquidity connectedness, in the long run, is limited to liquidity spillovers 
to and from ETH. For example, ETH transmits more substantial spillovers to Dash and 
XMR in the long run, unlike negligible spillovers in the short and medium run. Con-
versely, BTC receives relatively higher liquidity spillovers and shows minimal spillover 
transmission potential in the long run than other frequency domains.

Next, we apply frequency domain analysis on liquidity clustering to analyze liquid-
ity clustering in the cryptocurrency market for the short, medium, and long run. Fig-
ure  4a–c presents the liquidity clustering of cryptocurrencies in three frequency 
domains. We observe similar liquidity clustering for the short and long run, show-
ing that some cryptocurrencies have similar liquidity dynamics in the short and long 
run. However, the medium-run liquidity clustering shows that XRP forms a cluster 
with ETH, XMR, and Dash instead of the BTC/LTC pair. Additionally, the clusters in 
the medium run are more widely spread compared with that in the other frequency 
domains. These observations coincide with our finding of medium-run connectedness 
analysis that shows an overall weaker liquidity connectedness among cryptocurrencies 
in the medium run as compared with the short and long run.

Dynamic connectedness analysis

The network connectedness approach discussed above provides essential insights 
into liquidity spillovers among cryptocurrencies over time. However, the network 
approach overlooks the time-varying aspect of liquidity spillovers. This aspect is very 
important in cryptocurrencies because the cryptocurrency market has experienced 
many changes during the sample period under consideration. For example, the price 
of many cryptocurrencies increased many-folds, the overall cryptocurrency mar-
ket received enhanced mainstream media coverage, future and derivative contracts 
launched for cryptocurrencies, and many governments worldwide authorized crypto-
currency trading.

Therefore, we estimate the dynamic connectedness spillovers using a 200-day roll-
ing window with a lag order of 12 based on Akaike Information Criteria (AIC) to cap-
ture the time-varying liquidity spillovers. The full-sample dynamic connectedness 
presented in Fig.  5 shows time-varying liquidity spillovers. We observe a declining 
trend from the start of the sample period to early 2017, when liquidity connectedness 
increases and peaks in October 2017. The initial decline in liquidity connectedness 
can be attributed to the hacking of Bitfinex and British exit from the EU. Contrarily, 
factors such as Japan declaring BTC as a legal tender on April 1, 2017, led to enhanced 
liquidity connectedness.
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In post-2017, the liquidity connectedness shows a gradual upward trend, with the 
connectedness index approaching 80% in early 2019. Such higher liquidity connected-
ness in the cryptocurrency market is attributable to developments such as introduc-
ing real-time settlement systems and cryptocurrency trading pairs, that is, XRP/BTC. 
These developments have significantly reduced the settlement time for transactions 

Fig. 4  Frequency domain spillover using BK approach

Fig. 5  Rolling-window based total return spillover index based on the DY approach. Note: 200 days rolling 
window, lag order 12 based on AIC
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and enhanced the exchange of value across borders. The liquidity connectedness 
trend in our sample follows a similar pattern of connectedness as reported by Ji et al. 
(2019) in the case of return connectedness for major cryptocurrencies.

Notably, in 2017, the prices of sample cryptocurrencies exponentially increased,10 and 
many new currencies entered the digital currency market. Thus, the increased aware-
ness and profitability of major cryptocurrencies, that is, BTC, ETH, and XRP, increas-
ingly attracted investors to this new investment asset, consequently enhancing the 
liquidity and liquidity connectedness of the entire market. Additionally, Będowska-
Sójka et al. (2020) reported a bidirectional causality between volatility and liquidity in 
the cryptocurrency market. Therefore, volatility attracts investors to the cryptocurrency 
market and leads to enhanced liquidity. This finding is particularly relevant to the cryp-
tocurrency market as most investors use cryptocurrencies for speculative purposes. 
Furthermore, the phenomenon of increased liquidity and liquidity connectedness in the 
cryptocurrency market could be explained by the demand-side explanation of common-
ality in liquidity. That is, increased demand for an asset by institutional investors11 could 
increase the commonality in liquidity.

Dynamic connectedness analysis in frequency domains

We analyze the dynamic connectedness in three frequency domains, that is, short, 
medium, and long run. Figure 6 shows that liquidity connectedness is higher in the short 
run than in the medium and long run. Although we observe a similar time-varying pat-
tern for all frequency domains, some exceptions exist. For example, from the start of 
the sample period to early 2017, all frequency domains show a similar downward trend. 
Similarly, all frequency domains show an upward trend in the second and third quar-
ters of 2017 and fluctuating behavior after the second quarter in 2018. From another 
perspective, a distinct contrast appears between short- and long-run connectedness in 

Fig. 6  Rolling-window based total return spillover index based on the BK approach. Note: 200 days rolling 
window, lag order 12 based on AIC. Short-run (0–5 days) is in red color; medium-run (6–56 days) is in blue 
color; long-run (more than 56 days) in black color

10  During 2017 Litecoin, Ripple and Bitcoin experienced price appreciation of 5000%, 36,000% and 1300%, respectively. 
Authors’ calculation based on respective cryptocurrency prices during 2017.
11  Foley et  al. (2018) report that there are more than one hundred hedge funds exclusively focusing on bitcoin and 
related “cryptocurrencies.” Moreover, in late 2017, the Chicago merchantile exchange (CME) launched a bitcoin futures 
contract in response to demand from traders and hedgers.
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mid-2019, where short-run connectedness sharply declines, whereas long-run connect-
edness shows a sharp increase.

In total, the dynamic analysis shows a steady increasing trend in liquidity connected-
ness for cryptocurrencies. However, a large portion of this connectedness is attributed 
to short-run connectedness, which indicates the contagion effect. This observation of 
the contagion effect in the cryptocurrency market has also been reported in the volatil-
ity connectedness in cryptocurrency markets (Yi et al. 2018).

Robustness check

We use an alternative measure of liquidity developed by Fong et  al. (2018) to further 
validate the findings of our liquidity connectedness and clustering results. Figure 7a–d 
shows the full-sample and three frequency domains, that is, short-, medium-, and long-
run network connectedness results. In terms of connectedness magnitude, we observe 
similar results for all cryptocurrencies except for Dash and ETH, as the magnitude of 
these currencies registers a decline in full-sample analysis. Additionally, BTC shows 
increased strength of connectedness, whereas XRP experiences a fall. We also observe 
an increased bidirectional connectedness between BTC and XMR. Moreover, the 

Fig. 7  Robustness check using VoV—spillover networks
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frequency domain connectedness results show a very similar picture, as discussed ear-
lier, using Amihud’s (2002) measure of liquidity.

In the liquidity clustering results presented in Fig. 8a–d, BTC, LTC, and XMR appear 
in one cluster for the full-sample and frequency domains. These results are somewhat 
different from our earlier estimates as XMR replaces XRP to form a cluster with BTC 
and LTC. One potential explanation of the separate clustering of XRP from BTC and 
LTC is that the return connectedness of XRP with BTC and LTC is more robust than 
volatility connectedness (Ji et  al. 2019). In addition, volatility-over-volume measures 
use volatility to measure liquidity instead of returns. We observe some changes in the 
frequency domains of liquidity clustering. However, the BTC/LTC pair always appears 
in the same cluster, showing the complementary nature of assets under different sce-
narios. From another perspective, Dash and ETH appear in different liquidity clusters, 
indicating the substitution opportunities in different frequency domains. Nevertheless, 
the spread of liquidity clustering in the full-sample and frequency domains remains 
unaffected.

Finally, we perform the dynamic connectedness analysis using the volume over volatil-
ity liquidity measure in Figs. 9 and 10. For the full sample, the alternate measure captures 
a similar magnitude and trends. However, we note reduced (heightened) connectedness 

Fig. 8  Robustness check using VoV—clusters based on decomposed spillover tables
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index levels for short (medium)-run frequency domains, whereas the long-run connect-
edness remains unchanged.

Conclusion
This study explores the dynamics of liquidity connectedness in the cryptocurrency mar-
ket using several static and dynamic connectedness approaches. We use six major cryp-
tocurrencies based on market capitalization and the availability of comprehensive time 
series data. Using the DY2012 network-based spillover approach, we report a moderate 
liquidity connectedness among sample cryptocurrencies, with BTC and LTC playing a 
significant role concerning the magnitude of connectedness. Conversely, XMR and Dash 
are the least connected currencies in the liquidity network. Additionally, in our liquid-
ity clustering analysis, BTC and LTC, along with XRP, form a distinct liquidity cluster, 
whereas we observe separating clustering between ETH, XMR, and Dash.

Fig. 9  Rolling-window based total return spillover index based on the DY approach. Note: 200 days rolling 
window, lag order 12 based on AIC

Fig. 10  Rolling-window based total return spillover index based on the BK approach. Note: 200 days rolling 
window, lag order 12 based on AIC. Short-run (0–5 days) is in red color; medium-run (6–56 days) is in blue 
color; long-run (more than 56 days) in black color
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Furthermore, our BK2018 analysis reveals that liquidity connectedness in the crypto-
currency market is more pronounced in the short-run than in the medium- and long-
run. BTC, along with LTC and XRP, appears as a leading contributor to the liquidity 
connectedness in the short run. Contrarily, ETH emerges as a principal contributor to 
the liquidity connectedness in the long-run analysis. Moreover, frequency-based liquid-
ity clustering analysis shows a tight, short- and long-term clustering compared with the 
medium-term frequency domain. This evidence provides a possible explanation about 
the short- and long-term investment preferences of the investors operating in the cryp-
tocurrency market. For example, the tight liquidity clustering points toward investors 
that hold cryptocurrencies for speculative purposes, whereas long-term clustering indi-
cates that investors use cryptocurrencies as long-term investment assets.

Furthermore, our time-varying analysis shows that liquidity connectedness has 
increased over time in the cryptocurrency markets. This finding indicates the impact of 
increasing demand and higher acceptability of this unique asset on the individual and 
institutional investors in financial markets worldwide. Moreover, short-run liquidity 
connectedness among cryptocurrencies appears to be more pronounced when analyzing 
different frequency domains of time-varying connectedness.

Our findings offer several practical implications for cryptocurrency market partici-
pants. First, cryptocurrency investors may benefit by adding highly connected currencies 
in their portfolios during market booms. From another perspective, they can avoid liquid-
ity crunches by diversifying into the least related cryptocurrencies during market busts. 
Second, we reveal that volatility drives the liquidity connectedness in the cryptocurrency 
market, as higher connectedness is observed during highly volatile episodes of cryptocur-
rency prices. This observation indicates that despite its acceptance as a mainstream finan-
cial asset, cryptocurrency still serves as a speculative asset and should be cautiously used. 
Finally, we report that liquidity connectedness is a phenomenon dependent on the time–
frequency connectedness that offers diverse opportunities to investors with short- and 
long-term investment horizons.

Future research may consider exploring the determination of liquidity connectedness in 
the cryptocurrency market, which can be achieved by either a cross-sectional framework or 
a dynamic fashion. The cross-sectional study will explain the transmission of liquidity from 
one cryptocurrency to another. By contrast, the time-varying investigation will uncover the 
determinants of overall liquidity spillovers across the whole cryptocurrency market.
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