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Introduction

Following its introduction by [START_REF] Nakamoto | Bitcoin: A peer-to-peer electronic cash system[END_REF], Bitcoin has attracted considerable attention by policymakers, investors, and the general public. Cryptocurrency is a generic name for decentralized digital currencies that rely on encrypting to verify transactions. [START_REF] Panagiotidis | On the determinants of Bitcoin returns: A LASSO approach[END_REF] note that digital currencies offer some advantages, including the absence of bank intermediation for their direct validation and settlement of transactions, low transaction fees, and a high degree of anonymity. This is believed to have contributed to a considerable increase in consumer base, transaction frequency, and the acceptance of digital currencies by businesses and organizations as a medium of exchange. With particular reference to Bitcoin, an increasing volume of empirical economics and finance studies have emerged on a wide range of issues. Bitcoin challenges the policymakers given its potential to disrupt global financial stability, existing payment systems, and even the monetary system (see Dyhrberg, 2016a;Bohme et al., 2015;[START_REF] Polasik | Price fluctuations and the use of Bitcoin: An empirical inquiry[END_REF]Dyhrberg, 2016b).

Following the increasingly popular decentralized transaction system offered by Bitcoin, earlier studies concentrated on their price formation and features relative to other forms of money and other conventional financial assets (see [START_REF] Grinberg | Bitcoin: An innovative alternative digital currency[END_REF][START_REF] Buchholz | Bits and bets, information, price volatility, and demand for Bitcoin[END_REF][START_REF] Barber | Bitter to better-how to make Bitcoin a better currency[END_REF][START_REF] Kristoufek | Bitcoin meets Google Trends and Wikipedia: Quantifying the relationship between phenomena of the Internet era[END_REF][START_REF] Van Wijk | What can be expected from the Bitcoin? Master's thesis[END_REF][START_REF] Yermack | Is Bitcoin a real currency? An economic appraisal[END_REF][START_REF] Whelan | The value of Bitcoin in enhancing the efficiency of an investor's portfolio[END_REF][START_REF] Rogojanu | The issue of competing currencies. Case study-Bitcoin[END_REF][START_REF] Glaser | Bitcoin-asset or currency? Revealing users' hidden intentions[END_REF]Dyhrberg, 2016a). Factors such as demand and supply, transaction fees, speculation, and other global financial factors have been widely identified as drivers of Bitcoin price. However, studies document divergent conclusions regarding the currency-related features of Bitcoin. For instance, whereas [START_REF] Grinberg | Bitcoin: An innovative alternative digital currency[END_REF] suggests that Bitcoin possesses some comparative advantage to enable the settlement of micro-payments, Wu and Pandey (2014) argue that Bitcoin does not own the key features of money and should best be described as an illiquid financial asset. Still, [START_REF] Whelan | The value of Bitcoin in enhancing the efficiency of an investor's portfolio[END_REF] note that the Bitcoin possess similar features like the dollar except that any government entity does not back it. Moreover, [START_REF] Yermack | Is Bitcoin a real currency? An economic appraisal[END_REF] argues that Bitcoin is closer to a speculative investment than a currency, given that the size of transactions it validates and facilitates is much smaller than its market capitalization.

From a theoretical economic perspective, [START_REF] Ali | The economics of digital currencies[END_REF] argue that a digital currency such as Bitcoin may be regarded as currency depending on the extent to which it performs the three cardinal functions of money such as a store of value, a medium of exchange and a unit of account. However, these economic functions have been noted to be time-varying and are not sufficient conditions for digital currencies to be regarded as money for both legal and regulatory motives. Whereas digital currencies are presently used by relatively few people and serve largely as a store of value, [START_REF] Reyes | Moving beyond Bitcoin to an endogenous theory of decentralized ledger technology regulation: An initial proposal[END_REF] draws on theories of endogenous economic regulation, endogenous development, and functional financial regulation to argue that decentralized technologies, such as the blockchain technology and its underlying payment systems including Bitcoin, robustly support the theory of endogenous, technology-assisted regulation. Li and Wang (2016) offer a theory-driven analysis of technology acceptance and monetary economics theories. Bitcoin is recognized as an economic instrument of value transactions that is gradually evolving into a full-grown position similar to other monetary instruments. It aligns with economic fundamentals in the long term. Lastly, Pius et al. (2016) argue that in addition to other functions, by optimizing transactions among economic agents, Bitcoin fits well with the evolutionary theory of money.

From a portfolio perspective, decentralized transaction systems backed by blockchain technology offer several opportunities for investors with varying levels of risk appetites. [START_REF] Liu | Volatility in the Cryptocurrency Market[END_REF] argue that investments in Bitcoin are very volatile. Its average daily price changes are up to 10 times higher than that of the money market and mainly driven by speculation. Similarly, [START_REF] Kyriazis | Which Cryptocurrencies Are Mostly Traded in Distressed Times?[END_REF] note that although investments in Bitcoin may be extremely volatile, it is very profitable, especially in bullish market periods. This implies that bearish markets have created investment and profit-making opportunities, given the high volatility of Bitcoin. Therefore the inclusion of Bitcoin in a diversified portfolio has been noted to be very attractive (see [START_REF] Halaburda | Competition in the cryptocurrency market[END_REF]Briere et al., 2015;[START_REF] Eisl | Caveat emptor: Does Bitcoin improve portfolio diversification?[END_REF], given that Bitcoin average returns since its introduction have remained extremely high (Bouri et al., 2017a). More recently, using the Diebold and Yilmaz's (2014) process, [START_REF] Ji | Realised volatility connectedness among Bitcoin exchange markets[END_REF] show that safer asset withdrawal matters more to the volatility connectedness among Bitcoin exchanges than does trading volume. Okorie and Lin (2019) study the volatility connectedness between crude oil spot prices and cryptocurrencies. They use the VAR-MGARCH-GJR-BEKK framework and the Wald tests. Their results show bidirectional volatility spillover between the crude oil market and Bit Capital Vendor, as well as a unidirectional volatility spillover effect from the crude oil market to the Bitcoin Cash market. Other Cryptocurrencies like the Ethereum, XRP, and ReddCoin have a significant unidirectional volatility spill over to the crude oil markets.

Recent developments including the launch of Bitcoin futures and the expanding participation of institutional investors have further encouraged an increasing stream of research that continues to examine why and how Bitcoin may offer new opportunities with regards to risk management, portfolio diversification, and consumer sentiment analysis. [START_REF] Charfeddine | Investigating the dynamic relationship between cryptocurrencies and conventional assets: Implications for financial investors[END_REF] notice that cryptocurrencies are gradually establishing themselves as a new class of assets with unique features. They support the idea that these cryptocurrencies can be suitable for financial diversification. The financial analysis of the risk management opportunities of Bitcoin has mostly considered its liquidity, correlation with other financial assets, and, ultimately, its ability to diversify/hedge the downside risk of other financial assets. Studies focusing on the liquidity of Bitcoin by considering its investing potential by exploring the trading dynamics mostly imply that Bitcoin is highly investible especially for retail size transactions (see [START_REF] Dyhrberg | How investible is Bitcoin? Analyzing the liquidity and transaction costs of Bitcoin markets[END_REF][START_REF] Loi | The liquidity of Bitcoin[END_REF][START_REF] Wei | Liquidity and market efficiency in cryptocurrencies[END_REF][START_REF] Koutmos | Liquidity uncertainty and Bitcoin's market microstructure[END_REF][START_REF] Eross | The intraday dynamics of Bitcoin[END_REF][START_REF] Bartoletti | Verifying liquidity of Bitcoin contracts[END_REF].

Many studies that have considered the correlation between Bitcoin and other assets mainly offer strong evidence of a weak correlation (see Bouri et al., 2017a;[START_REF] Baur | Bitcoin, gold and the US dollar-A replication and extension[END_REF]Corbet et al., 2018b;Guesmi et al., 2018;[START_REF] Ji | Network causality structures among Bitcoin and other financial assets: A directed acyclic graph approach[END_REF][START_REF] Das | Do global factors impact Bitcoin prices? Evidence from Wavelet approach[END_REF][START_REF] Aslanidis | An analysis of cryptocurrencies conditional cross correlations[END_REF][START_REF] Stensås | Can Bitcoin be a diversifier, hedge or safe haven tool?[END_REF][START_REF] Baumöhl | Are cryptocurrencies connected to forex? A quantile cross-spectral approach[END_REF]. Bitcoin exhibits similar features to gold and the dollar, be it in terms of hedging capabilities or as a medium of exchange [START_REF] Trabelsi | Are There Any Volatility Spill-Over Effects among Cryptocurrencies and Widely Traded Asset Classes?[END_REF]. However, differing conclusions have emerged from this strand of literature. For instance, Bouri et al. (2017b) demonstrate that Bitcoin is a reliable hedge and a safe-haven against commodity indices. However, [START_REF] Baur | Bitcoin, gold and the US dollar-A replication and extension[END_REF] show that Bitcoin exhibit features such as return, volatility, and correlation that are significantly different from that of gold and the U.S. dollar. Moreover, they offer convincing evidence that Bitcoin is somewhere between precious metals and conventional currencies.

Another growing strand of literature particularly considering systemic risk importance and connectedness. These studies investigate the volatility spillover effects and connectedness both within the cryptocurrency market and between cryptocurrency, especially Bitcoin and other fundamental asset classes (see, e.g., Corbet et al., 2016;[START_REF] Trabelsi | Are There Any Volatility Spill-Over Effects among Cryptocurrencies and Widely Traded Asset Classes?[END_REF][START_REF] Baumöhl | Are cryptocurrencies connected to forex? A quantile cross-spectral approach[END_REF][START_REF] Ji | Network causality structures among Bitcoin and other financial assets: A directed acyclic graph approach[END_REF][START_REF] Kurka | Do cryptocurrencies and traditional asset classes influence each other?[END_REF][START_REF] Dahir | Dynamic connectedness between Bitcoin and equity market information across BRICS countries[END_REF][START_REF] Zeng | Fancy Bitcoin and conventional financial assets: Measuring market integration based on connectedness networks[END_REF][START_REF] Giudici | Vector error correction models to measure connectedness of Bitcoin exchange markets[END_REF][START_REF] Okorie | Crude oil price and cryptocurrencies: Evidence of volatility connectedness and hedging strategy[END_REF]. Specifically, [START_REF] Trabelsi | Are There Any Volatility Spill-Over Effects among Cryptocurrencies and Widely Traded Asset Classes?[END_REF] studies the connectedness within the cryptocurrency market and between Bitcoin price changes and the volatility of other traditional assets using the spillover index approach proposed by [START_REF] Diebold | Better to give than to receive: Predictive directional measurement of volatility spillovers[END_REF] and [START_REF] Barunik | Measuring the frequency dynamics of financial and macroeconomic connectedness[END_REF]. Their results show no significant spillover effect between the cryptocurrency market and other financial markets. Moreover, [START_REF] Mensi | High-frequency asymmetric volatility connectedness between Bitcoin and major precious metals markets[END_REF] concentrated on the asymmetric volatility connectedness between Bitcoin and primary precious metals using a methodology that enables them to examine both negative and positive volatility spillovers. They demonstrate strong evidence of asymmetric volatility spillovers between Bitcoin and precious metals, and that risk spillovers vary over time. A more recent related study examines the dependence and directional predictability from equities to cryptocurrencies. Mainly, [START_REF] Bouri | Cryptocurrencies as hedges and safehavens for US equity sectors[END_REF] investigate the relationship and directional predictability from U.S equity sectors to eight cryptocurrencies using the cross-quantilogram approach of Han et al. (2016). They found evidence that some cryptocurrencies are potentially valuable digital asset class.

This study addresses two outstanding issues to enrich the related empirical literature on the connection between Bitcoin and other financial markets. We first rely on the Time-Varying Parameter Vector Autoregressive (TVP-VAR) methodology recently proposed by [START_REF] Antonakakis | Refined measures of dynamic connectedness based on TVP-VAR[END_REF] to model time variation in volatility spillovers among Bitcoin, equities, gold and crude oil under different quantiles. This methodology improves on the spillover index approach of Diebold and Yilmaz (2014) by introducing variations in the variance using a stochastic volatility Kalman Filter estimation and can model specified quantiles of a distribution. Following its empirical flexibility, this approach enables us to investigate dynamic spillovers between Bitcoin and other asset classes under the median and two extreme market conditions by using several quantiles of the return distribution. The two extreme market conditions reflect both the bull and bearish market states. In a bid to save space and to avoid redundancy in our discussion, we focus only on three quantiles of the return distribution in our spillover analysis. Moreover, we examine and rank the different asset markets according to their degree of responsiveness to risk volatility spillovers during extreme market movements. Second, we explore the time-varying dependence and directional predictability from Bitcoin to developed equities, crude oil, and gold. To achieve this, we follow the cross-quantilogram and quantile version of the Ljung-Box-Pierce statistic proposed in Han et al. (2016). This methodology improves upon the quantilogram introduced in [START_REF] Linton | The quantilogram: With an application to evaluating directional predictability[END_REF] to measure quantile dependence and predictability between two stationary time series based on the correlogram of quantile hits. Recently, this methodology has found increasing applicability in the relationship and predictability between two-time series (see, e.g., [START_REF] Todorova | The intraday directional predictability of large Australian stocks: A crossquantilogram analysis[END_REF][START_REF] Zhou | Does international oil volatility have directional predictability for stock returns? Evidence from brics countries based on crossquantilogram analysis[END_REF]Bouri et al., 2019). Following the methodological perspective in the above studies, we specify nine quantiles covering dependence between Bitcoin and each of the other financial assets under different distributions of their return series. This enables us to account for the dynamic relationship under both the bear, bull and normal market conditions.

Modeling the dynamic dependence structure between different financial assets offers sufficient information to guide international investors and portfolio managers in the construction of an optimum portfolio. Indeed, it enables investors to construct portfolios of assets whose values rise and fall independently [START_REF] Sim | Modeling the dependence structures of financial assets through the Copula Quantile-on-Quantile approach[END_REF], making it critical to dynamic portfolio management. The simple correlation technique is uninformative about the dependence structure between financial assets at different quantiles. The TVP-VAR model enables us to offer a robust analysis of the interdependence between Bitcoin and other financial assets at different quantiles. To examine whether the negative return of an asset is usually followed by the negative returns of other financial assets cannot be accomplished by calculating the simple correlation technique for the entire sample (see, e.g., [START_REF] Sim | Oil prices, US stock return, and the dependence between their quantiles[END_REF][START_REF] Sim | Modeling the dependence structures of financial assets through the Copula Quantile-on-Quantile approach[END_REF][START_REF] Shahzad | Dependence of stock markets with gold and bonds under bullish and bearish market states[END_REF][START_REF] Mensi | High-frequency asymmetric volatility connectedness between Bitcoin and major precious metals markets[END_REF]. Moreover, the cross-quantilogram methodology allows us to assess the potential information content of the cryptocurrency market and to test the hedging and safe-haven role for developed equities as well as commodities. Following [START_REF] Bouri | Cryptocurrencies as hedges and safehavens for US equity sectors[END_REF], we label Bitcoin a hedge if there is no predictability and a safe-haven in the case of negative and significant predictability at the tail.

To preview our empirical findings, results from dynamic connectedness analysis offer convincing evidence of time variation in the level of volatility spillover, and that spillover intensifies during extreme global market conditions. The total spillover index between Bitcoin and other markets under the 0.5 quantiles (normal market period) is about 79.4%. In contrast, it increases to approximately 92.1% and 91.5% during periods of extreme losses and gains (0.05 and 0.95 quantiles). Regarding the responsiveness to volatility spillovers during extreme market periods, we found that Bitcoin appears to be more responsive to risk spillovers from other assets, followed by commodities. In contrast, equities are generally less responsive to volatility spillovers under extreme events. Second, results from the cross-quantilogram Bitcoin and each of the financial markets indicate strong dependence and positive directional predictability between Bitcoin and most equities and crude oil when returns are above the 0.7 quantiles. However, during bearish market states (0.05 and 0.10 quantiles), there is negative dependence and predictability from Bitcoin to stocks in Finland, the Netherlands, the U.S.A, and the crude oil market only. This implies that Bitcoin can act as a hedge to stocks in Finland, the Netherlands, the U.S.A, and the crude oil market. However, insignificant dependence and directional predictability from Bitcoin to the remaining assets indicate that Bitcoin may act as a safe-haven to these assets during bearish markets. This finding validates the findings of Bouri et al. (2018), concluding that Bitcoin may act as a safe-haven when the financial market is in panic.

The rest of this paper proceeds as follows. Section 2 presents the methodology, where we show the build-up to the models for this paper. Section 3 offers a description of the data, as well as the simple correlations among these markets. Section 4 discusses the results for the different market periods as well as the effects of dependence and predictability. We present the conclusion and implication of our findings in Section 5.

Empirical methodology

Time-varying Parameter Vector Autoregressive model

There are several econometric models for measuring spillover and connectedness among variables. In this paper, we use a Bayesian Time-varying Vector Autoregressive (TVP-VAR) model to capture the dynamic spillovers between Bitcoin and 12 equity market returns as well as gold and crude oil. We rely on the approach proposed by [START_REF] Antonakakis | Refined measures of dynamic connectedness based on TVP-VAR[END_REF]. This methodology extends the spillover models of [START_REF] Diebold | Measuring financial asset return and volatility spillovers, with application to global equity markets[END_REF], 2012, 2014) by introducing variations in the variances using a stochastic volatility Kalman Filter estimation with forgetting factors proposed in [START_REF] Koop | A new index of financial conditions[END_REF]. This model specifies quantiles of the distribution of a time series, r it , to depend on its lags and the lags of covariates of interest. In our case, the extremely negative returns are considered to potentially depend on its lagged returns and lagged returns of other stock markets in the specification.

The TVP-VAR specification is the same as the following p-order VAR model:

x t = p i=1 θ i x t-1 + φw t + µ t µ t |Ω t-1 ∼ N (0, S t ) (1) 
where x t denotes an N × 1 vector of conditional volatilities, w t represents an N p × 1 conditional vector whereas θ t is an N × N p dimensional time-varying coefficient matrix, and µ t is an N × 1 vector of dimensional error disturbance with an N × N time varying variance-covariance matrix denoted by S t . The parameters x t depend on their own past values x t-1 as well as on a matrix of N × N p dimensional errors with an N p × N p variance co-variance matrix.

Following the generalized impulse response function (GIRF) and generalized forecast error variance decomposition (GFEVD) proposed by [START_REF] Koop | Impulse response analysis in nonlinear multivariate models[END_REF] and Pesaran andShin (1998), respectively, Yilmaz and[START_REF] Diebold | On the network topology of variance decompositions: Measuring the connectedness of financial firms[END_REF] generate estimates of the time-varying coefficients and error covariance. However, this present methodology estimates the GIRF and GFEVD by transforming the VAR into a vector of moving average (VMA) according to the Wold representation theorem as defined below:

x t = θ t x t-1 + ν t
(2)

x t = A t µ t (3) 
A 0,t = I (4)

A i,t = γ 1,t A i-1,t + • • • + θ p,t A i-p,t (5) 
where θ i,t and A i,t denote an N ×N matrix of dimensional parameters defines as θ t = [θ 1,t , θ 2,t , . . . , θ p,t ] and

A t = [A 1,t , A 2,t , . . . , A p,t ] .
From the theorem above, the responses of all variables following a shock in variable i is captured by the GIRF. However, given that this is not a structural model, the differences between a j -stepahead forecast response function corresponding to when variable i is shocked and when variable i is not shocked is estimated. In the instance of a shock in variable i, this difference may be estimated as follows:

GIR t (J, λ j,t , Ω t-1 ) = E(x t+J |µ j,t = λ j,t , Ω t-1 -E(x t+J |Ω t-1 ) (6) Ψ g j,t (J) = A J,t S t µ j,t S jj,t λ j,t S jj,t λ j,t = S jj,t (7) 
Ψ g j,t (J) = S -1 2 jj,t A J,t S t µ j,t (8) 
where J denotes the forecast horizon, λ j,i represents the selection vector with one on the j th position, and zero otherwise. This is conditional on the set of information available up to t -1 as captured by Ω t-1 .

Given this, the GFEVD may be computed and normalized, enabling it to be interpreted as the share of variance one variable has on others. Therefore, each roll of the normalized variance share adds up to one, implying that all the variables jointly explain 100% of variable's i forecast error variance. This may be computed as follows:

γg ij,t (J) = J-1 t=1 Ψ 2,g ij,t N j=1 J-1 t=1 Ψ 2,g ij,t (9) 
where

N j=1 γN ij,t (J) = 1 while N i,j=1
γN ij,t (J) = N . The total connectedness index using the GFEVD may therefore be constructed as follows:

T CI g t (J) = N i,j=1,i =j γg ij,t (J) N i,j=1 γg ij,t (J)
× 100 (10)

= N i,j=1,i =j γg ij,t (J) N × 100 
The total directional connectedness measures how a shock in one of the variables spills over to others. Assuming a variable i transmits its shock to all other variables j, the total directional connectedness may be computed as follows:

T DC g i→j,t (J) = N j=1,i =j γg ji,t (J) N j=1 γg ji,t (J) × 100 (11) 
where T DC represents total directional connectedness. Similarly, the total directional connectedness variable i receives from other variables j is regarded as total directional connectedness from others. This may be measured as follows:

T DC g i←j,t (J) = N j=1,i =j γg ij,t (J) N i=1 γg ij,t (J) × 100 (12) 
Given the above values, the net total directional connectedness may be derived from subtracting the total directional connectedness to others from the total directional connectedness from others. Ideally, this may be interpreted as the strength or influence of variable i on other variables within the system. This is defined as follows:

N T DC g i,t = T DC g i→j,t (J) -T DC g i←j,t (J) (13) 
where NTDC represents net total directional connectedness. According to the above expression, a positive NTDC implies that the influence of variable i over the network is less than the power of the system on variable i. Contrarily, a negative NTDC means that the impact from the network on variable i is more significant than the influence from variable i on the system.

The Cross-quantilogram

In this subsection, we measure the dependence and directional predictability between Bitcoin, equities, crude oil and gold returns. To do this, we follow the cross-quantilogram introduced in Han et al., (2016). This method extends the single time-series quantilogram introduced in Linton and Whang (2007). Assuming the conditional distribution function of the series θ 1t given θ 2t with density unction f θi|xi (.|X it ), and the corresponding conditional quantile function is defined as

q i,t (α i ) ≡ inf ν : F θ i |x i (.|X it ≥ α i ) for α i ∈ (0, 1), for i = 1, 2.
We set θ 1t as Bitcoin and θ 2t as equities and strategic commodities respectively. If α is the range of quantiles, the cross-quantilogram measures the serial dependence between two events such as {θ 1t ≤ q 1 (α 1 )} and {θ 2t ≤ q 2 (α 2 )} for arbitrary quantiles. The quantile-hit or quantile=exceedance process for i = 1, 2 as in the literature is defined as

{1[θ it ≤ q i [•]]}.
The cross-quantilogram is defined as the cross-correlation of the quantile-hit process of αquantile with k lags is given as follows:

ρ α (k) = E[Ψ α1 (θ 1,t -q 1 (α 1 ))Ψ α2 (θ 2,t-k -q 2 (α 2 )] E[Ψ 2 α1 (θ 1,t -q 1 (α 1 ))] E[Ψ 2 α2 (θ 2,t -q 2 (α 2 ))] (14) 
For k = 0, ±1, ±2, .... where

Ψ α (ν) ≡ 1[ν < 0] -α, 1[•] is the indicator function, and 1[θ i,t = q i (α i )]
denotes the quantile-hit or quantile-exceedance process. Given α = (α 1 , α 2 ) = (α 1N , α 0N ) as an instance, ρ α (1) captures the cross-correlation between Bitcoin returns that are below or above quantile q 0N (α 0N ) on day t and the return on twelve industrialized equities, crude oil and gold on day t being below or above quantile q 1N (α IN ). Ideally, if ρ α (1) = 0, returns on Bitcoin being below or above quantile q 0N (α 0N ) in day t does not always permit the prediction of whether the subsequent returns on equities, crude oil and gold will be above or below quantile q 1N (α IN ) in the next day. Contrarily, ρ α (1) = 0 reflects a one-day directional predictability from the returns on Bitcoin to the returns on equities, crude oil and gold at α = (α 1N , α 0N ).

Following [START_REF] Zhou | Does international oil volatility have directional predictability for stock returns? Evidence from brics countries based on crossquantilogram analysis[END_REF], to construct a sampled analog of the cross-quantilogram given the series {θ 1 , θ 2 } T t=1 , involves solving the following sets of minimization problems to estimate the unconditional quantile functions:

q1 (α 1 ) = arg min ν1∈R T t=1 π α1 (θ 1 -ν 1 ) q2 (α 2 ) = arg min ν2∈R T t=1 π α2 (θ 2 -ν 2 ) where, π α (µ) ≡ µ(α -1[µ < 0]).
The cross-quantilogram of the sample counterpart is estimated as follows:

ρα (k) = T t=k+1 Ψ α1 (θ 1t -q1,t (α 1 )Ψ α2 (θ 2,t-k -q2,t-k (α 2 )) T t=k+1 Ψ 2 α1 (θ 1t -q1,t (α 1 )) T t=k+1 Ψ 2 α2 (θ 2,t-k -q2,t-k (α 2 ) (15) 
where k = 0, ±1, ±2, ..., ρα (k) = 0 denotes no directional predictability from Bitcoin returns to equities, crude oil and gold returns. Also proposed by Han et al., (2016), the quantile-based version of the Ljung-Box-Pierce statistics based on the hypothesis of H 0 : ρ α (k) = 0 for all k ∈ 1, ..., p against the alternative H 1 : ρ α (k) = 0 for some k ∈ 1, ..., p may be defined as:

Q(p) α ≡ T (T + 2) p k=1 ρ2 α (k) T -k (16) 
where Q(p) α corresponds to the portmanteau test that may be used to test for directional predictability of returns at a pair of quantiles {θ 1 , θ 2 } from one time series to another up to p lags. Given that the asymptotic distribution of the cross-quantilogram is not free of noise parameters under the assumption of no directional predictability, Han et al. (2016) depend on the stationary bootstrap of Politis and Romano (1994) to approximate the distribution of the Portmanteau test statistics.

Data

In this paper, our dataset covered 12 equity markets including France (FRA), Finland (FIN), Germany (GER), Ireland (IRE), the Netherlands (NETH), Spain (SPA), Sweden (SWE), Switzerland (SWT), the United Kingdom (U.K), Australia (AUS), Japan (JAP) and the United States of America (U.S.A). Unlike most previous studies that use one equity index, especially the S P 500 to represent the global equity market, our study offers a robust analysis of the interactions between 12 developed economies and other asset classes. Furthermore, we use Gold (GLD) and Crude oil (WTI) as the most popularly traded commodities, whereas we rely on Bitcoin (BTC) as the most popular cryptocurrency by market capitalization. All the time series are in daily frequency and were collected over the period from April 29, 2013, to May 11, 2018. This sample period enables our analysis to capture periods of significant liquidity as well as the highest price movements in Bitcoin. The 12 equity market indices were extracted from Thomson Datastream International, while gold was retrieved from the U.S. Federal Reserve Economic Database (FRED). We rely on West Texas Intermediate (WTI) spot prices from the U.S Energy Information Administration (EIA). Lastly, Bitcoin's daily closing prices were retrieved from Coindesk. We define the daily returns as the difference between the natural logarithm of two consecutive closing prices as x t = ln(P t ) -ln(P t-1 ). ln(P t ) denotes the natural logarithm of the closing price at time t and ln(P t-1 ) is the natural logarithm of the closing price at time t -1.

In Table 7, we present the main descriptive statistics of all the return series in our sample. We show that all the markets under consideration have a positive mean return for the period covered except for the two commodities indices (WTI and GLD) that has a negative mean return. Also, all the series depart from normality conditions, as shown by the significant Jarque-Bera test for normality in the distributions. All the equity markets exhibit negative Skewness coefficients. Negative skewness coefficients indicate the presence of asymmetry in the return distribution. However, Bitcoin, Crude oil, and gold are positively skewed. Besides, all the return series are characterized by significant excess Kurtosis that are all greater than 3. This indicates fatter tails than those of a normal distribution. Lastly, [START_REF] Engle | Autoregressive conditional heteroscedasticity with estimates of the variance of United Kingdom inflation[END_REF] test for the 1st order of conditional heteroscedasticity is also performed, and we cannot reject the hypothesis of no ARCH effects for all return series considered. Lastly, we check for the presence of unit roots using the Augmented Dickey-Fully (ADF) test statistic. The ADF shows that all the return series are stationary after the first difference. The unit root test is particularly relevant to this study since the cross-quantilogram test assumes strict stationarity in the return series.

We preview the nature of the relationship among all the series for this study using a contemporaneous correlation matrix, as shown in Table 8. The main takeaway from the result is that the correlation among the equity indices are all positive of about 0.93 with France exhibiting the strongest correlation with Germany and the Netherlands. However, the U.S.A has the weakest correlation of about 0.13 and 0.14 with Japan and Australia, respectively. The correlations among Bitcoin, crude oil, gold, and the equity markets are mixed. Crude oil is positively correlated with all the equity markets and gold but negatively correlated with Bitcoin. Gold is negatively correlated with all the equity markets but positively correlated with Bitcoin. The negative correlation between gold and equity indices is expected, given the gold portfolio's safe-haven and diversification benefits. Bitcoin is positively correlated with gold and five equity markets, including the U.S.A., Spain, Finland, Australia, and Japan. Bitcoin is, however, negatively correlated with the remaining seven equity markets. These coefficients, which represent the entire sample, neglects the potential insights from dynamic analysis. This informs the dynamic perspective of this study going forward.

Results and discussion

Dynamic volatility spillovers

In this section, we present and discuss the results of dynamic volatility spillovers between Bitcoin and 12 equity markets as well as gold and crude oil markets. Indeed, our approach enables us to examine the time-varying volatility spillovers among these asset classes under three quantiles representing the bear (0.05), normal (0.5), and bull (0.95) market periods. These results are presented in Tables 1, 2 and 3 respectively. Similarly, in Figure 2 Panel A-C, we present the network of directional volatility spillovers among these markets under the three market conditions. Recall that the total directional connectedness measures how a shock from each market spillover to others. That is, how market i transmits its shock to all other markets j, is computed as follows:

T DC g i→j,t (J) = N j=1,i =j γg ji,t (J) N j=1 γg ji,t (J)
× 100

While the net total directional connectedness derived from subtracting the total directional connectedness To others from the total directional connectedness From others. This permits us to retrieve the net realized volatility spillover for each market as defined below:

N T DC g i,t = T DC g i→j,t (J) -T DC g i←j,t (J)
Therefore, the total connectedness index for the system is given as follows:

T CI g t (J) = N i,j=1,i =j γg ij,t (J) N × 100
For the bearish market condition as presented in Table 1, the total and net realized volatility spillovers are represented by TCI and net spillovers for each asset, respectively. The TCI for these markets under these market conditions is about 92.14%. This implies a very high volume of spillovers among Bitcoin, gold, crude oil, and the stock markets of industrialized economies. This shows that among these assets, about 92.14% of the volatility forecast error variance of each asset is due to spillovers from other assets included in the system. This implies that the spillover effects within the system during the bearish market period are about 92.14%.

Concerning the spillovers transmitted to the system by each asset class, results show that France (100.6%) followed by the U.K. (100%), the U.S. (96.7%), the Netherlands (95.9%) and Japan (94.2%) are the top contributors of volatility spillover. The implication is that international investors should be wary when including stocks from these markets into their portfolio because they are the leading source of risk spillover into other markets, including commodities (crude oil and gold) and Bitcoin. More so, results also show that Bitcoin is relatively the least contributor with about 79.3% of shocks to the system during the bearish market period. In sum, we note that when the market condition is bearish, each market seems to transmit a big share of shocks to the system, though stocks from Bitcoin appear to be a little less.

Contrarily, the results show no significant variation in the level of spillover transferred into each market "FROM" the system, given that it ranges between 91% and about 93%. Regarding net realized volatility spillover defined as the difference between "To" and "From," results show that the top net transmitters of spillover are France (8.5%) followed by the U.K. (7.9%), the U.S.

(5.1%) and the Netherlands (3.4%). On the other hand, Bitcoin (-12.3%) followed by Australia (-4.2%), crude oil (-4.1%), gold (-3.5), and Spain (-2.5) are the top net receivers of spillover from the system. This result implies that developments in Bitcoin have little impact on the market for other financial assets during the bearish market period. This suggests that during this period, Bitcoin may act as a diversification tool for international investors. This result confirms the findings of related papers such as [START_REF] Corbet | Exploring the dynamic relationships between cryptocurrencies and other financial assets[END_REF] and [START_REF] Mensi | High-frequency asymmetric volatility connectedness between Bitcoin and major precious metals markets[END_REF]. It also shows that apart from Australia, the commodity market has less impact on developed equity markets. Furthermore, Figure 2 Panel A presents the network of directional volatility spillover among these markets under the bearish market period. The direction of an arrow from one market to another denotes the average spillover interaction between the two markets. That is, an arrow from market x to y indicates that on average, y is a net receiver of shocks from market x. We show this for the pairs, but we differentiate the arrows into the Bitcoin market using a red color. We can derive some exciting and complementing results from the graph. First, we find that Bitcoin is a net receiver of volatility spillover from all equity markets in the developed countries sampled as well as gold and crude oil. This complements the results in Table 1, which shows that Bitcoin is the highest net receiver of spillover among all the markets considered. This result implies that when returns are below the 0.05 quantiles, the volatility of Bitcoin returns is significantly affected by shocks from other asset markets in our sample.

These results complement previous findings that a shock to financial assets may induce an increase in the volatility of Bitcoin returns and that Bitcoin may receive more spillover than it sends to other financial markets, including commodities (see, e.g., Bouri et al., 2018;[START_REF] Guesmi | Portfolio diversification with virtual currency: Evidence from Bitcoin[END_REF]. Concerning the interactions among other financial markets, it also interesting to note that stocks in the U.K are net contributors of spillover to all other markets when returns low. This implies that U.K stock returns are not significantly affected by shocks from other developed markets, gold, and crude oil during market turmoil. Close to this are stocks in the U.S.A and France. Stocks in France are net receivers of spillover from the U.K only while stocks in the U.S.A are net receivers of spillover from France alone. On the contrary, results show that the crude oil market is a net receiver of shocks from all the markets except the Netherlands. Regarding volatility spillovers under the normal market condition (0.5 quantile) as presented in Tables 2. First, we find that the level of volatility spillover among these assets is about 79.4%. This implies that volatility spillover is lower during a calm market condition. This result suggests that on the average, 79.4% of the volatility forecast error variance of each market is due to external shock spillover from the system. This also reveals a lower volatility forecast error variance when we consider the mean of the entire market periods. Secondly, regarding the direction of volatility spillover, we find that most of the shocks to the system come from the European market with France (115.4%) followed by Germany (111.4%), the Netherlands (103.2%), Switzerland (96.2%) and Sweden (94.9%) being the top transmitters of spillover. Results show significant reductions in the contribution of spillover from non-fundamental asset classes with Bitcoin's contribution reducing to about 52.2%. In contrast, those of gold and crude oil reduces to 50.9% and 30.1%, respectively. With particular reference to Bitcoin, this result implies that, on average, return volatility in the cryptocurrency market does not send greater spillover than it receivers from other asset classes.

More so, the level of volatility transferred from the system to each of the markets corroborates the distinctness of other asset classes from equities. Results show that Bitcoin receives the least amount of spillover of about 52.1%. This implies that, on average, only approximately 52.1% of volatility forecast error variance in the market for cryptocurrency is due to shocks from developed equity, gold, and crude oil markets. This implies that the remaining volatility forecast error variance in Bitcoin price is due to the volatility within the cryptocurrency market as well as other factors like changing global financial conditions and investors' risk appetite. Commodities such as gold (68.7%) and crude oil (66.5%) also receive lower spillover levels. Among equities, the U.S. and U.K. stock markets receive the least spillover of about 74.6% and 81.9% respectively.

Regarding the net realized volatility spillover, results show that top net transmitters of spillover are France (29.6%), Germany (26.0%), the Netherlands (16.1%), U.S. (14.6%), Switzerland (13.3%) and Sweden (9.4%). On the contrary, Australia (-42.8%), Japan (-40.4%), Crude oil (-28.4%), and gold (-17.7%) are the net receivers of volatility spillover from the system in descending order. Bitcoin presents a distinctive scenario whereby the spillover level it sends to the system is nearly equal to the spillover it receives from the system. Although negligible, Bitcoin (0.02%) is a net contributor of volatility spillover to the system. This implies that Bitcoin has relatively greater information content about other financial assets under a normal market condition. Contrarily, among equities, the volatility forecast error variance of stocks in Australia and Japan are the most affected by shock spillover from the system.

Similarly, we find also that the market for crude oil, followed by gold, appears to be profoundly affected by shock spillover from developed equity markets. Regarding the crude oil market, this finding is consistent with previous studies, including [START_REF] Zeng | Fancy Bitcoin and conventional financial assets: Measuring market integration based on connectedness networks[END_REF], which finds that the crude oil market receives greater shocks than they transmit to the global equity market as well as other asset classes. This is not entirely unusual, especially for the crude oil market where it is expected that macroeconomic conditions in industrialized economies have a significant impact on stock prices and, therefore, the demand and prices of energy sources (such as crude oil) for the production process. Lastly, in the case of Bitcoin, this result reiterates earlier finding that Bitcoin exhibits some features that may offer some diversification advantages to international investors.

As presented in Figure 2 Panel B, we introduce the extra blue arrows to represent spillover from the Bitcoin market to other markets. We can observe some further interesting but contrasting results. Here, we find that the Bitcoin market is a net receiver of volatility spillover from only France, Germany, Ireland, the Netherlands, Sweden, Switzerland, Japan, and the U.S.A. However, stocks in Finland, Spain, the U.K, and Australia appear to be net receivers of spillover from the Bitcoin market under a normal market condition. It is also notable that both strategic commodity markets are net receivers of volatility spillover from Bitcoin during this period. This confirms the results in Table 2, where the net spillover index for Bitcoin is positive, but with a little value. This result implies that under normal conditions, Bitcoin interacts quite averagely with most developed financial markets. Specifically, Bitcoin return is not only influenced by shocks from developed markets, but it may also affect returns in some prominent equities, including those of the U.S.A, the U.K, Australia, and Spain. This may also be the case for some highly traded commodities given Bitcoin's ability to influence returns on gold and crude oil. Furthermore, for the bullish market, as shown in Table 3, the level of volatility spillover is about 91.5%. This shows that during extremely high returns market periods, these asset classes become relatively more connected to another. This level of connectedness is very close to what was found during periods of meager market returns. When we consider the direction of volatility spillover, we find that the top contributors of spillover to the system in the U.S (98.5%), followed by Ireland (98.1%), Germany (96.7%), Switzerland (95.5%), France (95.1%) and the Netherlands (94.9%). The results also indicate an increase in the contribution of spillover by non-fundamental asset classes with Bitcoin's contribution increasing to about 91.0%, whereas those of gold and crude oil increase to 90.4% and 89.2% respectively. However, the net spillover from Bitcoin only increases to about 1.28%. This implies that when market returns are high, Bitcoin and commodity markets tend to relate closely to the equity market.

Regarding the level of volatility transferred from the system to each of the markets, Bitcoin and commodities receive fewer shocks from the system when compared to equities. Specifically, we find that Bitcoin gets the least amount of spillover of about 89.7% from the system. This suggests that when market returns are high, approximately 89.7% of volatility forecast error variance in Bitcoin prices is due to shocks from the system. Gold receives approximately 89.9% of shocks spillover, whereas crude oil receives approximately 90.2%. This suggests that both Bitcoin and gold receive nearly an equal amount of shock from the system during this period. This result may be interpreted to imply that the inclusion of Bitcoin can offer a similar level of benefits as gold in a portfolio involving these assets when market returns are high. Among equities, we find that the U.S., followed by Ireland and Germany, receive the least amount of shock of about 91.0%, 91.2%, and 92.0% from the system, respectively. This result corroborates the expectation that during extremely prosperous periods, positive news spill over more rapidly from highly developed financial markets such as the U.S. and Germany to other asset classes.

Lastly, we find that the top net transmitters of spillover are the U.S. (7.5%), Ireland (6.9%), Germany (4.7%), Switzerland (4.1%), and France (2.9%). On the other hand, the top net-receivers of volatility spillover from the system in descending order include Australia (-13.3%), Japan (-12.5%), the U.K. (-3.7) and Crude oil (-0.9%). The critical implications of these results are as follows. First, Bitcoin and gold become net transmitters of volatility spillover, whereas the market for crude oil remains a net-receiver of spillover. This suggests that both Bitcoin and gold contribute to the volatility forecast error variance for other assets in our sample when returns are very high. However, gold is the least net transmitter of spillover, suggesting a minimal impact on forecast error variance of other assets during this period. Similar to the previous result, we find that the volatility forecast error variance of stocks from Australia and Japan remain the most affected by shock spillovers from the system under this market condition. Another key finding is that the U.K stock market becomes a net-receiver of spillover when the market returns become very high. This is in contrast to the lower quantile, where the U.K. stock market was among the top net transmitters of shock. Lastly, we find that the market for crude oil remains a net-receiver of shock over the three quantiles, suggesting that crude oil prices are impacted by movements in the system over the three market conditions.

As shown in Figure 2 Panel C, we find that the Bitcoin market is a net receiver of volatility spillover from only France, Ireland, the Netherlands, Switzerland, and the U.S.A. In contrast, stocks in Finland, Germany, Spain, Sweden, the U.K, Australia, and Japan are net receivers of spillovers from the Bitcoin market when returns are very high. In contrast, the gold market appears to remain significantly influenced by volatility spillover from Bitcoin. The crude oil market becomes a net transmitter of spillover to Bitcoin. This increase in the level of spillover from the Bitcoin market is in line with the results in Table 3, where the net spillover for Bitcoin is positive, increases to about 1.28 from 0.02 under the normal market period. This result implies that, on average, when market returns are bullish (above 0.95 quantiles), the information content of Bitcoin return increases significantly for more equities markets, including Germany, Sweden, and Japan. This is also the case for commodities such as crude oil.

Results also show that the U.S.A becomes a net transmitter of spillover to all other markets when returns are bullish. This implies that a large part of good volatility spills over from the U.S.A to other markets, including Bitcoin and commodities. This may not be unexpected given the place of the U.S economy as the leading barometer for the general global economy. It is expected that good volatility from the U.S stock market leads to an increase in market returns in other developed markets as well as the cryptocurrency and commodities markets. Lastly, stocks in Ireland receive more spillover only from the U.S.A but sends more shocks to all the remaining markets. Contrarily, Australia is a net receiver of shocks from all other markets considered. 

Responsiveness to tail risk spillovers

We present in Figure 2 a comparison of the responsiveness of individual markets to risk spillovers from other markets under the three market conditions considered in this study. We aim to explore the responsiveness of individual financial markets to tail risk spillovers as captured by the fifth (0.05) and ninety-fifth (0.95) quantiles. We compare and rank these markets based on the size of responsiveness to both tail risk spillovers using the mean (0.5) volatility spillover as a benchmark. As shown in the chart, the blue bar represents the level of responsiveness of each market to risk spillover from other markets under the left tail when the market experienced severe losses. The orange bar denotes responsiveness to mean risk spillovers when the market condition is normal, whereas the gray bar denotes responsiveness to tail risk spillovers during the highest market returns. As shown in the chart above, all the financial markets respond very strongly to both tail risk spillovers. Most of the markets, including Bitcoin, gold, and crude oil, are slightly more responsive to risk spillovers during severe losses than during extremely high returns. However, this is not the case for stock markets of Japan and the U.K, which tend to be a bit more responsive to risk spillovers from other markets during periods of high equity returns. One obvious explanation to this finding is the asymmetric hypothesis that both stock returns and volatility are asymmetric functions of information from other markets. Specifically, negative news from the system tends to cause a greater response in each market than positive news of similar magnitude.

In particular, the chart enables us to identify the size of Bitcoin's response to returns in other assets under different market conditions. It may be seen that Bitcoin is a bit more responsive to risk spillovers from other assets. This may be inferred from the average of the increase in the responsiveness of Bitcoin to risk spillover given a change in market condition. Bitcoin responds about 39% more to tail risk spillover from other assets. This implies that under normal market conditions, Bitcoin is less associated with different assets but becomes highly associated with them during extreme market conditions. This is followed by commodities with crude oil and gold exhibiting about 21% and 22% stronger responsiveness to tail risk spillovers. Among equities, the U.S. market responds most strongly to tail risk spillover with approximately 16%, whereas the remaining equities exhibit shallow levels of responsiveness ranging between 5% and 10%.

Spillover across other quantiles

In this subsection, we consider both the total and net volatility spillovers across eleven quantiles covering both the bear and bull market states as well as the shoulders of the return distribution. We intend to examine net volatility transmitters and receivers across and within these market conditions more precisely. Specifically, as shown in table 4, we consider for the bear market, 0.01, 0.05. 0.1 and 0.2 quantiles, whereas for bull market conditions, we consider the 0.8, 0.9, 0.95, and 0.99 quantiles. For the normal market state corresponding to the shoulders of the distribution, we examine the 0.4, 0.5, and 0.6 quantiles. By analyzing this range of percentiles, we can report the average net spillover from each market under each of these market conditions, as presented in Table 5. Notes: TCI denotes Total connectedness index while % P.N.S is percentage of positive net spillover which represents the percentage of positive net spillover across the eleven quantiles.

Evidence from Table 4 indicates that across all the quantiles corresponding to the bear market condition, net spillovers from Bitcoin are all negative while under the normal market period, only the net spillover at the 0.5 quantiles is positive. Regarding the bull market state, net spillovers from Bitcoin become positive under the 0.95 and 0.99 quantiles. This implies that volatility spillover from Bitcoin to the network becomes higher than the spillover from the network into Bitcoin when the market is very calm, and market returns are extremely high. The result is consistent with existing realities given the sphere of influence exhibited by Bitcoin when its price hit the historical peak of about $20,000 in late 2017. Two notable extreme outcomes are evident in the market for crude oil and the stock markets of Australia, France, and the Netherlands. In particular, across all the quantiles and market conditions, net spillovers from the crude oil market and Australian stock market are all net negative. In contrast, net spillovers from France and the Netherlands are all positive. This implies that stock markets in France and the Netherlands are net transmitters across all quantiles and market conditions. In contrast, the Australian stock market and crude oil market are net receivers of volatility from other markets. Furthermore, Finland and Switzerland appear to be net receivers of spillover only under the 0.01 quantile but net transmitters across other quantiles and market conditions. Similarly, the US stock market is only a net receiver of spillover under the 0.1 quantile but a net transmitter across other quantiles. The Japanese stock market is a net transmitter of spillover only under the bear market condition. In contrast, the market for gold is a net transmitter of shocks only during bullish market times but net receivers of spillover under other market periods. These findings are summarized in the last column and row, as shown by the percentage of positive net spillover (PNS) and the total connectedness index (TCI) across all the eleven quantiles. Markets that are net transmitters of spillovers such as France and the Netherlands have a PNS of 100%, whereas net receivers across all the quantiles such as Australia and crude oil have a PNS of 0%. As expected, the total volatility spillover among these markets, as shown by the TCI, decreases as the market condition becomes calm, as shown by the mean (0.5) quantile. Also, volatility spillover is highest under the extreme left tail denoted by the one percentile.

Lastly, we offer a closer summary of these results using average net spillovers under each market condition, as presented in Table 5. Under the bear market condition, the Bitcoin and the Australian markets appear to have the highest average net inflow of spillover. In contrast, the average net from France and the Netherlands are the highest among net transmitters of volatility. However, under the normal market period, Australia and Japan become top receivers of volatility spillover, whereas France and Germany become the top net transmitters on average. Whereas these results remain unchanged for net receivers of spillover, Germany, France, and then, the US become the top transmitters of volatility on average under the bullish market condition. 

The sample cross-quantilogram

In this section, we discuss the estimation results from the cross-quantilogram analysis as defined in equations ( 14) to ( 16). We present the estimates of cross-quantilogram in Table 6 and the plots of directional predictability (as well as the Portmanteau test statistic) in Figure 3 for each of the equities, oil, and gold. We consider the cross-quantilogram ρα (k) and the Portmanteau test Q(p) α under nine quantiles covering both the bear and bull market states as well as the shoulders of the return distribution for each sample cross-quantilogram up to 60 lags. For the low quantile ranges, we examine 0.05. 0.1 and 0.2 quantiles, whereas for high quantiles, we consider 0.8, 0.9, and 0.95. For the shoulders of distribution, we examine 0.3, 0.5, and 0.7 quantiles. Each value in the table represents the strength of an event of a decline in Bitcoin return below a certain percentile preceding the next day's decline in stock returns below the corresponding percentile. This enables us to identify and differentiate the hedging and safe-haven role of Bitcoin for each of the other markets considered. For instance, the values in the first row show the strength of directional predictability from Bitcoin to stock returns in France under the nine quantiles considered.

Recall that the cross-quantilogram of the sample counterpart as stated earlier is defined as follows:

ρα (k) = T t=k+1 Ψ α1 (θ 1t -q1,t (α 1 )Ψ α2 (θ 2,t-k -q2,t-k (α 2 )) T t=k+1 Ψ 2 α1 (θ 1t -q1,t (α 1 )) T t=k+1 Ψ 2 α2 (θ 2,t-k -q2,t-k (α 2 )
While the quantile-based version of the Ljung-Box-Pierce statistics based on the hypothesis of H 0 : ρ α (k) = 0 for all k ∈ 1, ..., p against the alternative H 1 : ρ α (k) = 0 for some k ∈ 1, ..., p is defined as:

Q(p) α ≡ T (T + 2) p k=1 ρ2 α (k) T -k
The joint analysis of Table 6 and Figure 3 reveal convincing evidence of somewhat heterogeneity in the strength and directional predictability from Bitcoin to the stocks when considered dynamically (i.e., across different quantiles). First, we find that the power of directional predictability is low and insignificant in the lower quantiles compared to the higher quantiles. The values show this in Table 6, where we find higher values in the upper quantiles, especially the 0.7, 0.8, and 0.9 quantiles. This suggests a stronger dependence and directional predictability from Bitcoin to equities, oil, and gold during the bull market state. Also, we find that except for gold, the dependence is generally negative up to the 0.5 quantiles. This further shows negative directional predictability from Bitcoin to developed financial markets and crude oil under the left tail and shoulder of the return distribution.

Regarding the left tail such as the 0.05 and 0.1 quantiles (or the bear market state), these results imply that when the returns on Bitcoin fall below these quantiles, developed equities and crude oil have a high likelihood of experiencing substantial returns in the following days. On the other hand, if the equities and crude oil experience significant losses, the Bitcoin market is likely to experience substantial gains in the following days. This complements the results of [START_REF] Bouri | Cryptocurrencies as hedges and safehavens for US equity sectors[END_REF], which reports the safe-haven and hedging ability of most cryptocurrency, including Bitcoin for U.S sector equities during bear market periods. Notes: Values in the table represent the strength of prediction under nine quantiles from Bitcoin to equities, oil, and gold. The closer the values to ±1, the stronger the predictive ability of Bitcoin under a particular quantile. Bold values are estimated coefficients that are significant at least 5%, whereas † and ‡ denote significance at 5% and 1%, respectively.

Looking at the higher quantile ranges, we note that most of the values are higher than those of the lower quantiles but mostly positive and statistically significant. The upper quantiles' positive values suggest a positive dependence and directional predictability from Bitcoin to the equities and crude oil during the bullish market period. This implies that when returns on Bitcoin rise higher than the 0.7 quantiles, there is an increased likelihood of a considerable gain in equities and crude oil. The most current level of dependence may be seen in the case of returns on crude oil, which is about 0.046, followed by the Netherlands and Germany, with about 0.040 each when the return on Bitcoin is above the 0.8 quantiles. Under the 0.9 quantile, the positive dependence and directional predictability from Bitcoin remained most robust for crude oil, with about 0.044 followed by 0.042 for the Netherlands. At the same time, France and Germany appear to share equal dependence at this corresponding quantile. This result implies that during bullish market times, Bitcoin is likely to converge closely to other conventional financial asset classes.

There is a notable increase in the level of dependence between Bitcoin and financial markets from the 0.7 to 0.9 quantiles. This is, however, not the case for all the markets at the highest quantile. Although crude oil seems to remain strongly dependent with Bitcoin, results show that under the highest quantiles (higher than the 0.95 quantiles), the level of dependence and directional predictability reduces significantly with only those of France, Finland, Germany, the Netherlands, Spain, and crude oil being statistically insignificant. This implies that when the Bitcoin market becomes highly bullish (with returns above the 0.95 quantiles), the level of dependence with equities and crude oil reduces. The dependence between Bitcoin and gold presents a different scenario from other markets under consideration. Results show that across all the quantiles considered, the dependence between Bitcoin and gold remained insignificant, negative and very low except under the 0.05 and 0.8 quantiles where it was both positive.

Furthermore, the strength of the dependence among these assets may be inferred from the size of significant coefficients under the various quantiles. For instance, the positive dependence between Bitcoin and stock markets and crude oil appears to become stronger towards the beginning of the bullish market condition, as shown by 0.8 and 0.9 quantiles. In particular, the strongest positive dependence of about 4.6% exists between Bitcoin and crude oil returns under the 0.8 quantile. This is followed by the dependence of Bitcoin and stock returns in the Netherlands of about 4.0%, while the stock returns in Spain exhibit the weakest dependence of 1.8% with Bitcoin under the 0.95 quantile. On the other hand, under the 0.1 quantile, the strongest dependence occurs between Bitcoin and crude oil returns while the weakest exists for the United States market with about -3.4% and -0.9%, respectively. These results show that under the bullish market condition, the dependence between Bitcoin and other assets appears to be stronger than in other market conditions. However, dependence decreases as market returns become extremely high, as shown by the 0.95 quantiles.

The last row in Table 6 shows clearly that the percentage of significant cross-quantilogram of sample counterparts under different quantiles is higher when returns rise higher than the 0.5 quantiles. Specifically, the row shows that the percentage of considerable sample counterparts during bearish market state (0.05 and 0.10 quantiles) is about 7.1% and 28.%, respectively. Under these quantiles, only the cross-correlogram between Bitcoin and four financial markets, including Finland, the Netherlands, the U.S.A, and crude oil, are statistically significant. This implies that when market returns fall below the 0.1 quantiles, there is an increased likelihood that these financial markets will exhibit a substantial increase in returns. This implies that Bitcoin can act as a hedge to stocks in Finland, the Netherlands, the U.S.A, and the crude oil market. In the case of the crude oil market, this finding is consistent with the findings of previous studies such as [START_REF] Jareño | Bitcoin and gold price returns: A quantile regression and NARDL analysis[END_REF]. However, insignificant dependence and directional predictability from Bitcoin to the remaining assets indicate that during bearish market periods, Bitcoin may act as a safe-haven for stocks in these markets. This is consistent with previous findings (see e.g., Bouri et al., 2018;[START_REF] Baumöhl | Are cryptocurrencies connected to forex? A quantile cross-spectral approach[END_REF][START_REF] Shahzad | Is Bitcoin a better safe-haven investment than gold and commodities?[END_REF]. Contrarily, the percentage of significant sample counterparts is equal under the 0.8 and 0.9 quantiles with about 71.4% but reduces to approximately 42.9% under the 0.95 quantiles, respectively. This implies a more substantial level of dependence and directional predictability between Bitcoin and developed equities and crude oil during bullish market periods.

These findings complement our earlier results of an increase in volatility spillover from Bitcoin to the twelve equities, gold, and crude oil markets under when the market return is very high as well as the volatility from these markets into the Bitcoin market, as shown in Table 3. Also, across all the quantiles, we find that the cross-quantilogram and Box-Ljung test statistic for the Japanese and gold markets are statistically insignificant. Lastly, we note that the cross-quantilograms between Bitcoin and the financial assets considered here not only have small absolute values across the different low quantiles, their Box-Ljung test statistics were also only statistically significant only within some period lags. Comparatively, the cross-quantilograms and Box-Ljung test statistics are most significant within the short lags for the high quantiles across most of the markets. This corroborates the higher values of cross-quantilogram observed across the higher quantiles suggesting stronger dependence and positive directional predictability from Bitcoin to these financial markets. When returns on Bitcoin are above the upper quantiles, there is an increased likelihood of these markets experiencing significant gains within the following days.

Conclusion

Cryptocurrency is a generic name for decentralized digital currencies that rely on the use of encryption to verify transactions. [START_REF] Panagiotidis | On the determinants of Bitcoin returns: A LASSO approach[END_REF] note that digital currencies offer some advantages, including the absence of bank intermediation for their direct validation and settlement of transactions, low transaction fees as well as a high degree of anonymity. This is believed to have contributed to a considerable increase in consumer base, transaction frequency, and the acceptance of digital currencies by businesses and organizations as a medium of exchange. With particular reference to Bitcoin, an increasing volume of empirical economics and finance studies have emerged on a wide range of issues, including the challenges they pose for policymakers given their potential to disrupt global financial stability, existing payment systems, and even the monetary system. Indeed, this paper addresses two critical issues. First, we use a TVP-VAR approach to model time variation in volatility spillovers among Bitcoin, equities, gold, and crude oil under different quantiles. This methodology enables us to investigate dynamic spillovers by specifying three quantiles capturing the normal and two extreme market volatility spillovers between Bitcoin and other markets. Moreover, we examine and rank the different asset markets according to their degree of responsiveness to risk volatility spillovers during extreme market movements. Second, we explore the time-varying dependence and directional predictability from Bitcoin to developed equities, crude oil, and gold using the cross-quantilogram and quantile version of the Ljung-Box-Pierce statistic proposed in Han et al. (2016). we specify nine quantiles covering dependence between Bitcoin and each of the other financial assets under different distributions of their return series. This enables us to account for dynamic dependence under both the bear, bull and normal market conditions.

Our empirical findings offer convincing evidence of time variation in the level of volatility spillover, and that spillover intensifies during extreme global market conditions. The level of total spillover index between Bitcoin and other markets under the 0.5 quantiles (normal market period) is about 79.4%. In contrast, it increases to approximately 92.1% and 91.5% during periods of extreme losses and gains (0.05 and 0.95 quantiles), respectively. Regarding the responsiveness to volatility spillovers during extreme market periods, we found that Bitcoin exhibits a strong response to tail risk spillover from other assets followed by commodities. In contrast, equities are relatively less responsive to volatility spillovers under extreme events. This evidences that increased spillover found for both tail risks may be a result of financial contagion.

Second, results from the cross-quantilogram indicate strong dependence and positive directional predictability between Bitcoin and most equities and crude oil when market returns are bullish. However, during the bearish market period, there is negative dependence and predictability from Bitcoin to stocks in Finland, the Netherlands, the U.S.A, and the crude oil market only. This implies that Bitcoin can act as a hedge to stocks in Finland, the Netherlands, the U.S.A, and the crude oil market. However, insignificant dependence and directional predictability from Bitcoin to the remaining assets indicate that Bitcoin may act as a safe-haven to these assets during bearish markets

The findings from our analysis hold important implications for both international investors and portfolio managers. For instance, spillover analysis results are particularly relevant in terms of diversification gains from a portfolio of the financial markets considered. It offers insight into the management of such a portfolio under a dynamic market condition. Bitcoin offers more significant diversification gains than crude oil and gold under a calm and extreme market condition when losses are most significant since it has the least level of impact on volatility forecast error variance than these commodities. Our analysis of dependence and predictability indicate that Bitcoin has the potential to act as a hedge and safe-haven to developed equities, gold, and crude oil when market returns are meager. It is likely to converge towards other asset classes when market returns are bullish.

  Figure 1: Plots of net spillovers under 0.05, 0.5 and 0.95 quantiles.

Figure 2 :

 2 Figure 2: Responsiveness to tail risk spillovers

Table 1 :

 1 0.05 (low) quantile spillover index

	FROM	91.579	92.042	92.465	92.679	92.380	92.492	92.529	92.481	92.397	92.038	92.396	92.100	91.614	91.796	91.153	1382.140		TCI = 92.143			
	GLD	6.704	5.916	6.115	5.892	6.325	6.076	6.424	6.051	5.824	6.329	6.403	6.118	6.483	6.977	8.847	87.636		96.483			-3.517
	WTI	6.525	5.999	6.068	6.118	6.049	6.176	6.124	6.292	6.072	6.456	6.470	6.282	6.365	8.204	6.694	87.692		95.896			-4.104
	USA	6.485	6.861	7.190	6.784	7.045	7.128	6.800	6.748	6.924	7.011	6.992	7.200	8.386	6.721	6.841	96.730		105.116			5.116
	JAP	7.129	6.604	6.451	6.523	6.458	6.575	6.534	6.610	6.504	6.809	6.754	7.900	7.027	7.078	7.099	94.154		102.054			2.054
	AUS	6.363	6.245	6.274	6.153	6.294	6.244	6.081	6.126	6.270	6.475	7.604	6.284	6.299	6.606	6.452	88.166		95.770			-4.230
	UK	6.852	7.185	7.275	7.195	6.962	7.383	7.046	7.128	7.228	7.962	7.301	7.300	7.082	6.833	7.231	100.001		107.963			7.963
	SWT	6.519	6.791	6.632	6.750	6.765	6.623	6.458	6.825	7.603	6.536	6.680	6.854	6.580	6.391	6.369	92.775		100.378			0.378
	SWE	6.308	6.733	6.962	6.863	6.577	6.674	6.681	7.519	6.802	6.675	6.595	6.752	6.466	6.623	6.190	92.902		100.421			0.421
	SPA	6.386	6.645	6.447	6.582	6.500	6.514	7.471	6.567	6.612	6.351	6.327	6.167	6.384	6.306	6.279	90.068		97.539			-2.461
	NET	6.500	7.231	6.959	7.147	6.826	7.508	7.071	6.852	7.025	7.037	6.760	6.721	6.680	6.550	6.567	95.927		103.435			3.435
	IRE	6.114	6.750	6.607	6.766	7.620	6.681	6.707	6.507	6.833	6.529	6.375	6.448	6.393	6.193	6.341	91.244		98.864			-1.136
	GER	6.343	6.909	6.681	7.321	6.742	6.751	6.718	6.747	6.878	6.505	6.640	6.549	6.295	6.304	6.014	92.075		99.397			-0.603
	FIN	6.579	6.744	7.535	6.786	6.856	6.715	6.677	7.017	6.732	6.467	6.615	6.640	6.611	6.313	6.185	92.935		100.470			0.470
	FRA	6.771	7.958	7.249	7.736	7.336	7.487	7.609	7.369	7.242	7.135	6.983	6.984	6.918	6.905	6.837	100.561		108.519			8.519
	BTC	BTC 8.421	FRA 5.430	FIN 5.555	GER 5.386	IRE 5.645	NET 5.466	SPA 5.597	SWE 5.640	SWT 5.451	UK 5.726	AUS 5.500	JAP 5.800	USA 6.031	WTI 5.994	GLD 6.054	Contribution 79.274	TO others	Contribution 87.695	including	own	Net spillovers -12.305

Table 2 :

 2 Mean dynamic spillovers

	FROM	52.131	85.791	85.595	85.332	81.916	87.080	84.388	85.498	82.818	84.633	81.853	84.539	74.596	66.470	68.664	1191.305		TCI = 79.42		
	WTI GLD	3.456 4.521	1.995 2.826	2.192 3.477	2.019 2.721	1.990 3.662	2.339 3.198	3.704 3.816	2.170 2.717	1.932 3.289	2.560 3.794	2.975 3.898	2.834 4.373	3.483 4.047	33.530 4.594	4.416 31.336	38.064 50.933		71.594 82.269			-28.406 -17.731.
	USA	4.365	5.595	7.105	6.171	6.464	6.607	5.735	7.037	6.311	6.715	6.815	8.541	25.404	5.826	5.898	89.184		114.587			14.587
	AUS JAP	2.765 3.969	2.162 2.292	2.549 2.732	2.528 2.530	2.464 2.961	2.585 2.309	2.265 2.623	2.572 2.647	2.337 2.617	3.265 3.098	18.147 4.703	3.375 15.461	2.650 3.425	3.838 4.163	3.700 4.089	39.056 44.158		57.203 59.619			-42.797 -40.381
	UK	2.989	7.090	7.320	6.608	5.956	7.649	5.965	7.276	7.242	15.367	7.337	5.674	6.304	4.685	3.682	85.777		101.144			1.144
	SWT	4.911	7.850	7.775	7.783	7.419	7.645	6.622	7.969	17.182	8.068	6.207	6.694	6.359	4.917	5.937	96.156		113.338			13.338
	SWE	3.969	8.018	8.765	8.333	6.889	7.878	6.894	14.502	7.677	7.135	6.261	7.004	6.829	3.719	5.511	94.882		109.384			9.384
	SPA	3.591	8.873	6.378	7.611	6.987	8.099	15.612	6.694	6.250	6.496	5.885	5.533	5.811	4.942	4.929	88.078		103.691			3.691
	NET	3.479	10.103	8.474	9.547	8.019	12.920	9.014	8.203	8.884	9.236	6.748	7.235	5.784	4.650	3.784	103.159		116.078			16.078
	IRE	3.697	7.903	7.392	7.368	18.084	7.323	7.034	6.888	7.537	6.184	5.029	7.038	6.162	4.779	5.718	90.051		108.135			8.135
	GER	3.742	10.451	9.068	14.668	8.870	9.744	8.795	9.988	8.865	8.176	7.379	8.538	6.822	5.197	5.724	111.359		126.027			26.027
	FIN	2.855	7.863	14.405	8.065	6.677	7.509	7.279	9.097	7.425	6.518	6.611	6.632	6.915	4.619	4.850	92.916		107.321			7.321
	FRA	3.824	14.209	8.827	11.427	10.016	10.983	10.990	9.812	9.014	8.960	7.244	7.692	6.312	5.496	4.782	115.378		129.587			29.587
	BTC	47.869	2.772	3.543	2.620	3.542	3.210	3.653	2.428	3.438	4.429	4.761	3.377	3.693	5.045	5.644	52.155		100.023			0.023
		BTC	FRA	FIN	GER	IRE	NET	SPA	SWE	SWT	UK	AUS	JAP	USA	WTI	GLD	Contribution	TO others	Contribution	including	own	Net spillovers

Table 3 :

 3 Tail risk spillovers

	FROM	89.762	92.271	92.179	92.017	91.169	92.131	92.161	92.252	91.390	92.202	91.990	92.305	91.010	90.157	89.889	1372.886		TCI = 91.526		
	GLD	7.236	6.167	5.987	6.223	6.246	6.119	6.469	6.334	6.166	6.243	6.826	6.273	6.888	7.201	10.111	90.378		100.489			0.489
	WTI	7.111	6.086	6.275	6.222	6.404	6.119	6.325	5.884	5.973	6.184	6.453	6.471	6.343	9.843	7.335	89.183		99.027			-0.973
	USA	7.094	6.914	6.981	7.098	7.285	6.995	6.878	7.225	6.946	7.011	7.261	7.097	8.990	6.599	7.081	98.463		107.453			7.453
	JAP	6.001	5.506	5.457	5.572	5.662	5.624	5.678	5.680	5.554	5.633	5.817	7.695	5.798	6.052	5.783	79.816		87.510			-12.490
	AUS	5.962	5.487	5.444	5.418	5.552	5.310	5.450	5.578	5.507	5.743	8.010	5.797	5.703	5.768	5.924	78.642		86.652			-13.348
	UK	5.795	6.546	6.435	6.313	6.154	6.651	6.314	6.471	6.509	7.798	6.574	6.330	6.260	6.158	6.000	88.511		96.309			-3.691
	SWT	6.743	7.024	7.113	6.820	7.000	7.103	6.665	6.842	8.610	7.086	6.465	6.803	6.551	6.634	6.632	95.482		104.091			4.091
	SWE	6.076	6.878	6.963	6.687	6.520	6.714	6.770	7.748	6.820	6.645	6.272	6.715	6.667	6.312	6.063	92.102		99.849			-0.151
	SPA	6.007	7.031	6.821	6.754	6.757	6.726	7.839	6.675	6.495	6.624	6.208	6.494	6.420	6.217	6.109	91.338		99.177			-0.823
	NET	6.208	7.242	6.971	7.081	6.834	7.869	7.078	6.925	6.995	7.178	6.652	6.661	6.665	6.305	6.169	94.964		102.833			2.833
	IRE	6.905	7.190	7.306	7.181	8.831	7.233	7.132	7.035	7.037	6.797	6.972	7.059	7.047	6.704	6.552	98.149		106.980			6.980
	GER	6.247	7.325	7.152	7.983	6.882	7.349	7.097	7.106	7.171	7.018	6.665	6.992	6.760	6.652	6.268	96.684		104.667			4.667
	FIN	6.247	6.813	7.821	6.844	6.784	6.755	6.713	7.187	6.842	6.562	6.410	6.618	6.686	6.306	6.245	93.013		100.834			0.834
	FRA	6.128	7.729	6.902	7.251	6.865	7.240	7.221	7.114	7.007	7.051	6.677	6.576	6.475	6.484	6.132	95.123		102.852			2.852
	BTC	10.238	6.062	6.373	6.554	6.224	6.191	6.372	6.198	6.369	6.428	6.739	6.418	6.746	6.766	7.598	91.039		101.277			1.277
		BTC	FRA	FIN	GER	IRE	NET	SPA	SWE	SWT	UK	AUS	JAP	USA	WTI	GLD	Contribution	TO others	Contribution	including	own	Net spillovers

Table 4 :

 4 Net spillovers among Bitcoin, equities, crude oil and gold across different market conditions

	Quantiles

Table 5 :

 5 Average net spillovers across bear, normal and bull market conditions

		Bear Normal Bull
	BTC -15.3	-3.4	-4.3
	FRA	13.9	29.7	8.7
	FIN	5.5	7.9	3.6
	GER	4.7	26.5	8.9
	IRE	-0.4	8.03	7.7
	NET	6.7	16.8	6.8
	SPA	0.7	4.4	1.9
	SWE	5.1	9.4	2.5
	SWT	2.7	13.1	5.5
	UK	9.1	2.5	-1.1
	AUS -12.4	-41.9	-16.9
	JAP	-6.7	-38.6	-16.6
	USA	4.3	12.4	7.2
	WTI	-7.2	-27.4	-6.6
	GLD -10.7	-19.2	-6.1

Table 6 :

 6 Summary of significant directional predictability from Bitcoin to equities, crude oil and gold

		0.05	0.10	0.2	0.3	0.5	0.7	0.8	0.9	0.95
	FRA	-0.021	-0.020	-0.009	0.000	0.016	0.032 ‡	0.037 ‡	0.039 ‡	0.025 †
	FIN	-0.022	-0.026 †	-0.021 -0.011	0.006	0.030 †	0.037 ‡	0.038 ‡	0.025 †
	GER	-0.021	-0.020	-0.013 -0.004	0.012	0.034 ‡	0.040 ‡	0.039 ‡	0.024 †
	IRE	-0.018	-0.018	-0.011 -0.008	0.006	0.022 †	0.023 †	0.022	0.014
	NETH	-0.025 †	-0.028 †	-0.020 -0.014	0.009	0.034 ‡	0.040 ‡	0.042 ‡	0.028 †
	SPA	-0.020	-0.021	-0.010 -0.005	0.011	0.028 †	0.031 †	0.029 †	0.018 †
	SWE	-0.015	-0.013	-0.007 -0.002	0.009	0.026 †	0.030 †	0.031 †	0.018
	SWT	-0.020	-0.022	-0.014 -0.011	0.003	0.025	0.032 ‡	0.031 †	0.019
	UK	-0.017	-0.021	-0.014 -0.010	0.001	0.018	0.023	0.022 †	0.014
	AUS	-0.016	-0.021	-0.011 -0.005	0.005	0.020	0.024 †	0.027 †	0.019
	JAP	-0.004	-0.004	-0.001 -0.004	0.004	0.009	0.011	0.009	0.001
	USA	-0.006	-0.009 †	0.001	0.001	0.007	0.014	0.020	0.015	0.008
	WTI	-0.024	-0.034 †	-0.023 -0.023	0.007	0.039 †	0.046 ‡	0.044 ‡	0.036 †
	GLD	0.0001	-0.004	-0.004 -0.007 -0.006	-0.002	0.001	-0.005	-0.006
	% of significant	7.10%	28.6%	0%	0%	0%	57.1%	71.4%	71.4%	42.9%