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Abstract

Unlike prior studies, this study examines the nonlinear, asymmetric and quantile effects of
aggregate commodity index and gold prices on the price of Bitcoin. Using daily data from
July 17, 2010 to February 2, 2017, we employed several advanced autoregressive distributed
lag (ARDL) models. The nonlinear ARDL approach was applied to uncover short- and long-
run asymmetries, whereas the quantile ARDL was applied to account for a second type of
asymmetry, known as the distributional asymmetry according to the position of a dependent
variable within its own distribution. Moreover, we extended the nonlinear ARDL to a quantile
framework, leading to a richer new model, which allows testing for distributional asymmetry
while accounting for short- and long-run asymmetries. Overall, our results indicate the
possibility to predict Bitcoin price movements based on price information from the aggregate
commodity index and gold prices. Importantly, we report the nuanced result that most often
the relations between bitcoin and aggregate commodity, on the one hand, and between bitcoin
and gold, on the other, are asymmetric, nonlinear, and quantiles-dependent, suggesting the
need to apply non-standard cointegration models to uncover the complexity and hidden
relations between Bitcoin and asset classes.
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1. Introduction

Derived from mathematical cryptography, and based on peer-to-peer networking, Bitcoin was
the first, and is the most popular digital currency to come into existence. Unlike conventional
sovereign currencies, it operates without the need for any intermediary, and is not a liability
on any balance sheet. Its decentralized and pseudo-anonymous attributes make it appealing to
users, thanks to two key innovations: The first is the public-distributed ledger, called
'blockchain' where all Bitcoin transactions are digitally recorded. The second is the consensus
mechanism, called 'proof of work', which is used to solve the double-spend problem.

After being proposed by Nakomoto (2008) in a paper entitled “Bitcoin: A Peer-to-Peer
Electronic Cash System”, Bitcoin was implemented on January 3, 2009 as an alternative
payment system independent of any central authorities or central banks. However, Bitcoin
emerged later as an investment asset (Polasik et al., 2015), given the tradability of its unit of
value. Notably, the accessibility aspect of Bitcoin as an investment has been enhanced by the
inception of trading platforms where Bitcoin is bought and sold using traditional currencies.
Accordingly, many market participants have arisen to profit from movements in the Bitcoin
price. In a seven-year period, the Bitcoin price has increased exponentially from less than one
USD in April 2011 to 1,347.96 USD at the end of April 2017.

Scholars were first interested in the technical, safety, ethical, and legal aspects of Bitcoin;
then the economics and financial aspects became the subject of interest. Fry and Cheah (2016)
provide evidence on the Bubble in the Bitcoin market, and similar results are reported by
Cheung et al. (2015), who indicate that Bitcoin has no fundamental value, but instead a
mostly speculative value. Quite similar results are shown by Baek and Elbeck (2015), who
indicate that Bitcoin is 26 times more volatile than the S&P 500 Index and that Bitcoin returns
are not influenced by fundamental economic factors, but rather by buyers and sellers. Given
that Bitcoin does not have identifiable cash flows, some studies have raised the difficulty in
determining its fundamental value and suggest instead empirical models to identify the
determinants of the Bitcoin price. For instance, Bouoiyour and Selmi (2015) show that in the
short term, the Bitcoin price is appositively affected by investors’ attraction and the exchange-
trade ratio. Kristoufek (2015) employed a wavelet coherence approach and indicates that the
Bitcoin price is not affected by economic and financial variables. Further examination of price
formation in the Bitcoin market points toward the importance of market forces, Bitcoin's
attractiveness, and the insignificance of macro-financial developments (Ciaian et al., 2016).

However, Li and Wang (2017) indicate that, in the long term, Bitcoin's price is more sensitive



to economic fundamentals and less sensitive to technological factors. Yelowitz and Wilson
(2015) reveal that computer programming enthusiasts and illegal activity have driven interest
in Bitcoin but found no support for political and investment motives. Ober et al. (2013) stress
the important role of user anonymity in the Bitcoin market.

The usefulness of Bitcoin as an investment, and its potential hedging and safe-haven roles
have been the subject of several studies. Baur et al. (2015) show that Bitcoin is an investment,
and highlight its role as a useful diversifier (i.e. uncorrelated with traditional assets). Briere et
al. (2015) used weekly data from 2010 to 2013 and highlight the low correlation of Bitcoin
with both traditional assets (worldwide stocks, bonds, hard currencies) and alternative
investments (commodities, hedge funds, real estate), and point toward the significant
diversification benefits of Bitcoin, despite its extremely high average return and volatility.
They also show that adding a small proportion of bitcoins (3%) can enhance the risk-return
trade-off of well-diversified portfolios. Dyhrberg (2016b) indicates that Bitcoin is a hedge for
UK currency and equities. Ji et al. (2017) argue that Bitcoin is isolated from the global
financial system, suggesting a valuable role in portfolio diversification. Bouri et al. (2017c)
show that Bitcoin is an effective diversifier for major world equities, bonds, oil, gold, the
general commodity index, and the US dollar index.

Bitcoin is often seen as a basic form of movement against capitalism, free trade, and
globalization (Cohen, 2016), and is part of an alternative ‘peer-to-peer’ economy (Bouri et al.
2017¢c). That Bitcoin emerged in 2009, the year that followed the global financial crisis,
during which an environment of weak trust in the global financial system had spread, points
toward the potential role of Bitcoin not only as an alternative to cash (Evans-Pughe, 2012),
but also as the panacea to replace financial institutions (Kerner, 2014). In this sense, Bitcoin
has been appreciated by practitioners and users, especially during the numerous financial and
economic crises that have coincided with its short history. Notably, during the European
sovereign debt crisis of 2010-2013 and the Cypriot banking crisis of 20122013, Bitcoin was
seen as an alternative currency to those of conventional economies and a shelter from
sovereign and systematic risk (Bouri et al. 2017b). Luther and Salter (2017) show that interest
in Bitcoin amplified considerably after Cyprus announced it would accept a bailout. Bitcoin
has been seen by many as an alternative to traditional stores of value, such as gold, and has
been named the digital gold (Popper, 2015). Several articles refer to a flight from
conventional currencies to Bitcoin, a feature that is often associated with gold. Dyhrberg
(20164a) locates the hedging capability of Bitcoin somewhere near to that of gold. However,

there is no consensus among scholars about whether Bitcoin is a currency or commodity, or
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both (Lo and Wang, 2014). Yermack argues that Bitcoin does not fulfil the functions of
money, whereas Polasik et al. (2015) show that it acts as a medium of exchange. Recently,
Blau (2017) showed that Bitcoin is a currency rather than a speculative investment.
Importantly, Bitcoin combines features from commodities (i.e. gold) and sovereign
currencies, and thus can be considered as synthetic commodity money (Selgin, 2015). Baur et
al. (2015) argue that Bitcoin is a hybrid between precious metals and conventional currencies.
Interestingly, in April 2017 the Bitcoin price for the first time exceeded the price of an ounce
of gold, and numerous press articles emerged comparing Bitcoin and the yellow metal.

While gold differs from Bitcoin in several aspects, such as history, tangibility, intrinsic value,
low volatility, consumption or use in the production process, it shares with Bitcoin several
important characteristics. First, both gold and Bitcoin are regulated as commodities,
especially in the US, where Bitcoin has recently been classified as a commodity by the
Commodity Futures Trading Commission (CFTC). Second, Bitcoin has non-political and
(virtual) commodity attributes that make it quite similar to gold. As such, the absence of a
central authority to control and adjust Bitcoin mining and transactions makes Bitcoin
independent of inflation (Richardson, 2014; Baur et al., 2015), an important feature
commonly associated with gold. Third, and like gold, Bitcoin is produced in a process called
“mining” and also has limited supply and supply growth, as dictated by Bitcoin protocol. The
latter ensures that a maximum of 21 million coins can be mined. In countries like China and
Russia, Bitcoin represents a solution for taking cash out of the country, while circumventing
strict regulations on capital flows. Furthermore, the recent scrutiny by the Chinese
government over the physical gold market has made Bitcoin an ideal alternative to gold.
Numerous studies have examined the relations between Bitcoin and asset classes such as
stocks, bonds, and currencies. However, it remains unclear what relation exists between
Bitcoin and commodities in general, and between Bitcoin and gold in particular, especially in
terms of asymmetry, non-linearity, and quantiles variability. To address this literature gap, in
this study we examined the nonlinear, asymmetric, and quantile effect of aggregate
commodity and gold prices on the Bitcoin price, using a combination of autoregressive
distributed lag (ADRL) models, namely the nonlinear ARDL (NARDL) model of Shin et al.
(2011) and the quantile ARDL (QARDL) model of Cho et al. (2015). We also applied a
combination of these two models, called the Quantile Nonlinear Autoregressive Distributed
Lag (QNARDL) model. In addition to the novel contribution presented in this paper, by
allowing for asymmetric behavior between the examined variables (i.e. by applying the
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type of asymmetry, known as distributional asymmetry according to the position of the
dependent variable within its own distribution. Such a combination of nuanced integration
approaches has not been used in the literature to date. The proposed QNARDL model allows
testing for distributional asymmetry, while accounting for long- and short-run asymmetries.
Although relations among Bitcoin and several economic and financial variables, such as the
general commodity index and the gold price, have been examined in prior studies, the
potential presence of asymmetric, non-linear effects, and quantile variability in these relations
has been ignored. For example, Bouri et al. (2017¢) report evidence of the ability of Bitcoin to
diversify movements in conventional assets, commodities, and energy commodities. Ji et al.
(2017), who used a directed acyclic graph approach and focused on the integration of the
Bitcoin market within the global financial system, reveal a very weak relation between
Bitcoin and commodity markets, including the gold market. Bouri et al. (2017b,c) relied on
quantile dummies within a dynamic conditional correlation framework to assess the safe
haven property of Bitcoin against commodities, but the authors do not account for the
cointegration relationship across the quantiles. Although Bouri et al. (2017a) employed a
quantile-based approach, they focused only on the relation between Bitcoin and global
uncertainty. Balcilar et al. (2017) employed a nonparametric causality-in-quantile test to
unveil the causal relationship between trading volume and Bitcoin returns and volatility. They
highlight the importance of considering a quantile nonlinear approach to detect causality in
different quantiles.

There are few studies that used an ARDL model and focused on price discovery in the Bitcoin
market (Bouoiyour and Selmi, 2015; Ciaian et al., 2016; Li and Wang, 2017), but conflicting
findings have emerged. Importantly, these studies do not account for asymmetric and non-
linear effects, and assume that the examined relation is homogenous across the different
quantiles. Ciaian et al. (2016) show that the Bitcoin price is not sensitive to macro-financial
developments in the long run. Li and Wang (2017) found a significant relation between the
Bitcoin price and changes in economic fundamentals, both in the short and long runs.
Bouoiyour and Selmi (2015) failed to detect any significant relation between the Bitcoin and
gold markets.

Recently, there have been some interesting developments in econometric modelling based on
the ADRL framework, which have led to the emergence of the NARDL model (Shin et al.
2011) and the QARDL model (Cho et al. 2015). When applied to the relation between Bitcoin
and aggregate commodity (gold) prices, these models allow us to provide a clear view of the

relation, which is useful to market participants. The latter are keen to understand non-

5



linearity, asymmetry, and variability across the quantiles, which ultimately would help them
generate better trading and investment strategies. In our empirical analysis, we used the
aggregate commodity index and gold prices separately as the main dependent variables, and
Bitcoin as the dependent variable. We also included several explanatory variables stemming
from the literature. Accordingly, our analysis covers a large number of assets that includes not
only conventional assets such as equities, bonds, and currencies, but also commodities. In
examining commodities, and in addition to a general commodity index, we focused on gold,
as many press and scholarly articles refer to Bitcoin as a “digital” commodity, or “digital”
gold. We also focused on the dollar index, given the wide acceptance and use of Bitcoin as a
digital currency, although no consensus exists on whether Bitcoin is a currency, commodity,
or both (a hybrid asset). Our results indicate a significant relation between Bitcoin and the
commodity index, as well as between Bitcoin and gold, which is not always symmetric.
Furthermore, the results indicate that the relation differs between the short and long runs and
across the different quantiles.

The rest of the paper is divided into three sections: section 2 describes the data and

methodology; section 3 presents the empirical results; and section 4 concludes.

2. Data and methodology

2.1 Data

We used daily data prices of Bitcoin and four asset classes (stocks, bonds, commodities, and
currencies) for the period between July 17, 2010 and February 2, 2017. The starting date is
depicted by the availability of Bitcoin prices that were collected from CoinDesk, which
computes and publishes an average of Bitcoin prices from leading trading platforms (Bouri et
al. 2017a, b). The data on the four asset classes are from the DataStream of Thomson Reuters,
and cover the price index of aggregate S&P GSCI Commodity (COMMODITY), an ounce of
gold (GOLD), MSCI World (MSCI), Pimco investment grade bond (BOND), and the US
dollar index (USD). From the statistics of the daily logarithmic level series (Table 1),
COMMODITY has the highest average log-price, whereas Bitcoin appears to have both the
highest standard deviation. Bitcoin, MSCI and COMMODITY are negatively skewed,
meaning that they have longer left tails of the normal distribution, while BOND, GOLD and
USD show opposite patterns. All series — except BOND — are platykurtic, indicating that their

distributions produce fewer outliers as well as fewer extreme outliers than does a normal



distribution. The Jarque-Bera test shows that all price series deviate from the normal

distribution.

Table 1. Descriptive statistics of daily logarithmic level series

BITCOIN | COMMODITY | GOLD MSCI BOND USD
Mean 3.913 8.270 7.219 7.301 2.368 4.445

Maximum | 7.045 8.661 7.549 7.502 2.489 4.637
Minimum | -2.996 7.529 6.958 6.979 2.284 4.289
Std. Dev 2.666 0.324 0.142 0.148 0.037 0.094
Skewness | -0.892 -0.860 0.402 -0.383 0.822 0.513
Kurtosis 2.765 2.106 2.013 1.708 | 3.893 1.788
Jarque-Bera | 230.525° | 267.992° | 1155037 | 160.680 " |249.580 | 179.602"
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]

Note: *** indicates rejection of the null hypothesis of normality at the 1% level.
2.2 Methodology

This section presents the methodological approach we used to capture the nonlinear and
asymmetric impact of commodity and gold prices on Bitcoin prices. In particular, we
employed three nonlinear models, namely the NARDL model (Shin et al., 2011) and the
QARDL model (Cho et al., 2015). We further extended the NARDL model to a quantile
framework, leading to a new richer model we call the quantile nonlinear ARDL model and
denote as QNARDL. Indeed, the NARDL model is employed to disentangle the hidden
cointegration introduced by Granger and Yoon (2002). The data is said to have hidden
cointegration if its respective positive and negative components are cointegrated, while
conventional cointegration tests such as the Engle-Granger (1987) and Johansen (1988)
cointegration tests fail to detect cointegrating relationships between level data. In addition, the
NARDL model has the advantage of testing cointegration between data series with different
orders of integration, in that it allows combining I(0) and I(1) data. Furthermore, it provides a
nice framework to test for the long- and short-run transmission of commodity and gold prices
to Bitcoin prices. However, the NARDL model imposes an exogenous zero threshold, and
hence tests the impact of shocks of different signs — positive versus negative — but of the same
magnitude/size. The QARDL model is employed to test for a second type of asymmetry
known as distributional asymmetry, both in the long and short run according the position of
the dependent variable within its own distribution. It is now well documented that

asymmetries observed in the relationships between data series are caused by the complex
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systems and sudden events hitting financial and macroeconomic data, as well as their
determinants.

The NARDL model accounting for long- and short-run asymmetries for our data is written as:
ABITCOIN, =

¢ + PeircoinBITCOIN; 1 + piysciMSCL_y + prysciMSCl_y + pgonpBOND 1 +
PeonpBOND_1 + px Xi"1 + pxXi_1 + pispUSD{1 + puspUSDr_y +

Si21 OircovABITCOINe; + T 5 (Bihsct AMSCIE; + Biascr AMSCI_) +
Z?gol(ﬁgozvn,iABONDtti + :BB_OND,iABONDt_—i) + Zgz_ol(ﬁ;,iAXtti + .B)ZiAXt_—i) +
Z?;ol(ﬁf;sn,iAUSDtJr—i + .BESD,iAUSDt_—i) &

(D

where X refers to commodity or gold. The representation of the NARDL in Eq. 1 is the most
flexible one as it accommodates long-run and short-run asymmetries for all the considered
determinants of Bitcoin returns. The model uses the decomposition of the explanatory
variables MSCI,, BOND,, X; and USD, into their respective positive and negative partial
sums. The positive partial sums are computed as
MSCI} = §=1 AMSCI]-+ = §=1 max(AMSCI;, 0),

BOND{ = ¥%_, ABOND} =¥’ ; max(ABOND;,0), X! = ¥’ ,AX} =¥ ; max(AX;,0)
and USD{ = Y%, AUSD;} = ¥%_; max(AUSD;,0), whereas negative partial sums are
computed as MSCI; = §=1 AMSCI; = Z§=1 min(AMSCI;, 0),
BOND; = ¥'_; ABOND; =3%_, min(ABOND;,0), X; = ¥i_;AX; =¥, min(AX;,0)
and USD; = Y°_, AUSD;, = ¥‘_, min(AUSD;,0). The NARDL is stable if pgircomy is
significantly negative. The estimation procedure starts by estimating the NARDL model in
Eq. (1) and using the Wald test to test for long- and short-run asymmetries ex-post. In fact, the
long-run symmetry of each of the considered determinants was tested using the Wald test of
the respective null hypotheses pyrsc; = Pusci>  PBonp = PBonp> PX = Px> Pusp = PuUsps
while the short-run symmetries were tested using the Wald test of the respective null
hypotheses Zlq:_ol ﬁz\J/rISCI,i = 2?2_01 Buscti> Ziqz_o1 ﬁgozvz),i = 2?2_01 Beonp,is 2?2_01 ﬁ);r,i = 2?501 Bx,i
and Ziqz_Ol Bispi = 2?2_01 Busp,i-

Afterwards, we estimated the QARDL model using the same lag length orders selected for the
NARDL model. The QARDL model for our data is given by:



QABITCOW: A7)+ (1) BITCOIN-A5c(0IMSC, — Ao 0)BOND = A (DX, — A5 DISD,)

+ T ABITCOWN-Y MG, +3 AMBOND 3 9@, 43 9OUSD 4600

where X refers to commodity or gold. The symmetry of the speed of adjustment parameter
was tested using the Wald test of the null p(0.05) = p(0.10) = p(0.20) = p(0.30) =
p(0.40) = p(0.50) = p(0.60) = p(0.70) = p(0.80) = p(0.90) = p(0.95). A  similar
testing procedure was employed to test the symmetry of the long-run and short-run
transmissions of the considered explanatory variables to Bitcoin returns.
Combining Eq. (1) and Eq. (2) into the same model gives a more general model that allows
testing for distributional asymmetry while accounting for hidden cointegration, short-run and
long-run asymmetries. The face resulting QNARDL model is written as:
ABITCOIN; = ¢ + pprrcoin (T)BITCOIN; 1 + piysci(WIMSCIZ 1 + pysci (DMSCL_y +
PEonp (TIBOND | + pgonp (T)BOND_1 + pi (TD)X{_1 + px (DXi_1 + pisp(DUSDE; +
Pusp(DUSD_y + 21—, Opircom, (DABITCOIN,_; + X2 (Biiscr i (D)AMSCI; +
Buscr,i (T)AMSCIt_—i) + Z?io(ﬁEOND,i (t)ABOND{_; + Bronp,i (T)ABONDt_—i) +
T20(BXi(MAXEZ + B (DAX) + Lo (Bispi(DAUSDE; + Bysp ((DAUSD;;) + £.(r)
3)
The above model, in Eq. (3), is able to model the following three types of asymmetries:

(1) Reaction asymmetry is measured by the long-run parameters within each quantile.

For example, the symmetric long-run impact of MSCI on Bitcoin was tested using

+
T
__Pumsci(®) and

the Wald test of the null y;5c; (7) = Ypscr(T) where yisc; (7) =
pBITCcoIN(T)

Pusci(T)

are the long-run positive and negative parameters.
pBITCOIN(T)

Ymscr(T) = —
(11) Short-run adjustment asymmetry is measured by the short-run parameters within
each quantile. For example, the short-run symmetric impact of MSCI on BITCOIN
was tested using the Wald test of the null Bygc; ;(T) = Byser i (T) fori =
0,1,...,9.
(iii))  Locational asymmetry was captured by the differences between the long- and
short-run parameters estimated at the various considered quantiles of the Bitcoin

variable.



3. Results

In order to determine the best-suited NARDL specification for our data, we estimated the
general NARDL model in Eq. (1) and then tested for long-run and short-run asymmetries
using the corresponding Wald tests. The empirical results of the Wald test for long-run and
short-run asymmetries for models involving respectively commodity and gold are reported in
Table 2. The results indicate that in the model containing COMMODITY as the main
explanatory variable, the Wald tests for long-run asymmetries show that MSCI,
COMMODITY and USD have a symmetric long-run impact on BITCOIN prices, while
BOND has an asymmetric long-run influence on BITCOIN prices. In the short run, all
variables i.e. MSCI, BOND, COMMODITY and USD have a symmetric impact on BITCOIN
prices. In addition, in the model containing GOLD as the main explanatory variable, MSCI
and USD have a long-run asymmetric impact on BITCOIN prices, while BOND and GOLD
show a symmetric long-run impact on BITCOIN prices. In the short run, MSCI, BOND,
GOLD and USD have a symmetric influence on BITCOIN prices.

Table 2. Results of the long- and short-run Wald tests

NARDL model involving NARDL model involving

COMMODITY GOLD
WLRyscr 0.887 4.153%*
[0.346] [0.042]

WLRgonD 5.701%** 0.062
[0.003] [0.803]

WLRy 0.253 2.023
[0.615] [0.155]

WLRysp 2.242 2.247*
[0.134] [0.134]

WSRyscr 1.786 1.190
[0.181] [0.275]

WSRgonD 1.017 0.284
[0.313] [0.594]

WSRy 0.357 0.486
[0.550] [0.486]

WSRysp 0.186 0.080
[0.666] [0.777]

Notes: Orders of the NARDL models were selected using a general-to-specific approach, by fixing p,q, =
Qmax = 12. The SIC criterion selected the followings lag-length orders p=11,q1 =0,q2 =1, q3 =0, g4 =0 for
the model including commodity, and p = 11, ql =0, 2= 0, q3 =5, g4 = 0 for model including gold. The p-
values are between square brackets. *** ** and * indicate rejection of the null hypothesis at the respective
significance levels of 1%, 5% and 10%.
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Based on the above analysis, we estimated the following NARDL models for the commodity
and gold prices:

ABITCOIN; = ¢ + ppircoinBITCOIN,_1 + ppysciMSCl,_1 + pionpBOND; 4 +
PeonpBOND_1 + pcommopiry COMMODITY, 4 + pyspUSD;_4 +

Y0 OirconABITCOIN,_; + {20 Busci AMSCl._; + =) Bponn, ABOND,_; +

Y0 Beommonpiry i ACOMMODITY,_; + X Bysp  AUSD,_; + & (4)
ABITCOIN, =

¢ + paircoinBITCOIN,_y + pryscMSCIE 1 + prsciMSCIi_ 1 +pponp BOND,_; +

P6oLpGOLD:_1 + pisqUSD{_y + pyspUSDi_y1 + 25:11 OpircoinABITCOINy_; +

20 BuscrAMSCl—; + 2{25 Bpown i ABOND:—; + XiZg Beommoniry ACOMMODITY, _; +
%20 BuspAUSD,—; + & (5)

The estimation results of Eq. (4) and Eq. (5) are reported in Table 3.

Table 3. Estimation results of the NARDL model

COMMODITY GOLD
Constant -0.003 Constant 0.066
(0.381) (0.209)

lbitcoin,_4 -0.01 1%%** lbitcoin,_4 -0.012%%**
(0.003) (0.003)
Imsci;_4 0.077%%* Imsci} 4 0.092%*
(0.028) (0.038)
lbond{_, 0.020 Imsci;_4 0.088**
(0.058) (0.036)
lbond;_, -0.039 lbond;_4 -0.014
(0.057) (0.065)
lcommodity;_, 0.007 lgold;_, -0.008
(0.017) (0.024)

lusd;_4 -0.140** lusdf_; -0.183%**
(0.067) (0.060)

Abitcoin,_; 0.086%*** lusd;_, -0.2]1 [***
(0.024) (0.074)

Abitcoing_, 0.061** Abitcoin;_; 0.097%***
(0.024) (0.024)

Abitcoin;_s -0.049** Abitcoing_, 0.073%**
(0.024) (0.024)
Abitcoing_q 0.079%** Abitcoin;_s -0.042%*
(0.024) (0.024)

Abitcoin;_q 0.048** Abitcoin;_q 0.075%**
(0.024) (0.024)
Abond;_4 0.884** Abitcoin;_4 0.043*
(0.433) (0.024)
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Agold,_, 0(.477***
0.152)
Agold,_; -?.354**
0.153)
Agold,_, -0.469%**
(0.153)
Agold,;_s -0.338%*
(0.153)
LMSCI 7070*** LMSCI+ 7735***
(2.538) (2.737)
Lponp+ 1.880 Lyssci- 7.382%%
(5.389) (2.834)
(5.050) (5.352)
Lcommonrry 0.669 Leoip -0.674
(1.501) 52.008°
Lysp -12.908** Lysp+ -15.370%%*
(5.655) (3.998)
Lysp- -17.755%%*
(5.824)

Notes: This table reports the estimation results of NARDL for models including commodity and gold
respectively. Only significant short-run coefficients are reported. ***, ** and indicate significance at the 1%, 5%
and 10% significance levels, respectively.

The empirical results in Table 3 show that the loading parameter of lbitcoin,_, is negative
and highly significant in both models. The latter result indicates that the specified NARDL
model both for COMMODITY and GOLD is stable.

The results for the model involving COMMODITY as the explanatory variable could be
summarized as follows. In the long run, MSCI has a highly significant symmetric positive
influence on Bitcoin prices, while USD has a significant symmetric negative long-run
influence on Bitcoin prices in the long run. However, BOND and COMMODITY do not exert
a significant influence on Bitcoin prices in the long run. In particular, while insignificant, the
influence of bond price increases is positive, whereas that of decreases is negative. Turning to
the short-run linkages between Bitcoin prices and their considered determinants, the results
show that past variations in Bitcoin prices significantly determine their own current
variations. The latter cumulative influence is positive, meaning that increases of past
variations in Bitcoin prices lead current variations in Bitcoin prices to move up and vice
versa. In addition, the one-period lagged variations in bond prices have a positive and
significant impact on current variations in Bitcoin prices, whereas in the short run, MSCI,
COMMODITY and USD do not exhibit any influence on Bitcoin prices. In particular, the

evidence on the positive relation between Bitcoin and bond prices suggests a potential safe
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haven role for Bitcoin in the short run, although the bond market leads the Bitcoin market in
the short term. This finding contradicts that of Bouoiyour and Selmi (2015) but is in line with
the findings of some prior studies that used different models (e.g., Bouri et al. 2017b,c).
Regarding the model containing GOLD as the main explanatory variable, the results in Table
3 indicate that MSCI has a highly significant asymmetric effect on Bitcoin in the long-run.
Indeed, both increases and decreases of MSCI lead Bitcoin prices to decrease, with increases
having a greater influence. Similarly, both increases and decreases in USD lead Bitcoin prices
to increase, with a greater impact of decreases. In the short run, past variations in Bitcoin
prices have a positive cumulative impact on current variations in Bitcoin prices, whereas past
variations in gold prices exhibit a significant negative cumulative impact on current variations
in Bitcoin prices. While this evidence on the negative relation between Bitcoin and gold
prices seems contradictory to the safe haven evidence shown above, it could be partially
explained by the time-varying safe haven property of gold. This result contradicts that of
Bouoiyour and Selmi (2015), who found an insignificant relation between Bitcoin and gold
markets. In contrast, MSCI, BOND and USD do not determine the Bitcoin price in the short
run.

We further investigated the distributional asymmetries in the long- and short-run influences of
MSCI, COMMODITY (GOLD), BOND and USD on Bitcoin prices, by estimating the model
in Eq. (2). Figures 1 and 2 depict the estimated parameters across the quantiles, along with
their respective confidence bounds, for models containing respectively COMMODITY and
GOLD.

For the model including COMMODITY, the ECM parameter is significant with the negative
required sign at the lower quantiles only, while the long-run cointegrating parameter is
positively significant at the tail quantiles for MSCI and is insignificant at all quantiles for
BOND, COMMODITY and USD, meaning that MSCI exerts a distributional long-run
asymmetric effect on Bitcoin prices, while BOND, COMMODITY and USD do not exhibit
any influence on Bitcoin prices in the long run. This finding is more nuanced than that
reported by Bouoiyour and Selmi (2015), who show a significant relation between Bitcoin
and (Chinese) equity prices.

In the short run, past variations in Bitcoin prices have a significant positive effect on their
current own variations at the medium to higher quantiles only. USD influences current
variations in Bitcoin prices at the extreme high quantile only. Although concentrated in
extreme high quantiles, this evidence on the close relation between Bitcoin and the USD

points to the role of Bitcoin as a currency (Polasik et al. 2015). In contrast, MSCI, BOND,
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and COMMODITY do not influence Bitcoin prices in the short run. This finding contradicts
that of Ciaian et al. (2016), who indicate that US equities and oil prices have a small impact
on the Bitcoin price in the short term. This is probably due to the advanced ARDL models
that we employed in this study, which allowed us to uncover the first evidence on such a
nuanced relation across the different quantiles.

As for the model containing gold, the analysis reflected in the graphs in Fig. 2 indicates that
the ECM parameter is significantly negative at the low, and some medium quantiles. The
long-run cointegrating parameter is significantly positive at the low and medium quantiles for
MSCI, and at the low quantiles for BOND, GOLD and USD.

Current variations in Bitcoin prices are influenced by their own past variations only at the
medium to high quantiles. Nevertheless, MSCI, BOND, GOLD and USD do not impact
current variations in Bitcoin prices in the short run.

Fig. 3 depicts the estimated QNARDL coefficients across quantiles for the model including
COMMODITY. The graphs show that the lagged Bitcoin price coefficient is significantly
negative, as required by the cointegration condition at the low to medium quantiles. In
addition, increases in bond prices have a positively significant impact on Bitcoin prices in the
long run at the low quantiles, while COMMODITY influences Bitcoin prices in the long run
positively at the low quantiles and negatively at the high quantiles. In contrast, the MSCI
index and decreases in BOND prices do not impact Bitcoin prices in the long run.

In the short run, variations in Bitcoin prices influence their own current variations positively
at the high quantiles. The latter significant positive influence is observed at lags four, nine and
ten. For the same horizon, MSCI, BOND, COMMODITY and USD do not exhibit any impact
on Bitcoin prices in the short run.

Fig. 4 shows the estimated paths of the QNARDL coefficients in the model including GOLD.
The speed of adjustment parameter is significantly negative at the low to medium quantiles.
Moreover, increases and decreases in MSCI lead Bitcoin prices to move up. Clearly the
magnitude of the impact of MSCI increases is higher than that of decreases. BOND, however,
impacts Bitcoin prices significantly negatively in the long run at the medium quantiles.
Additionally, increases in USD lead Bitcoin prices to move down, while GOLD and decreases
in USD do not influence Bitcoin prices at all in the long run. This negative sensitivity of
Bitcoin to the USD is often observed in the financial media and empirical studies between
commodities (mainly oil and gold) and the USD, suggesting additional similarities between

Bitcoin and the commodity markets.
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In the short run, past variations in Bitcoin prices impact their own current variations in a
significant positive manner at the medium to high quantiles at different lags, namely lags four,
nine, then and eleven. Past variations in GOLD, namely at lags one, three and four, exhibit a
significant influence on contemporaneous variations in Bitcoin prices. In contrast, MSCI and

USD are not significant determinants of Bitcoin prices in the short run.
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Figure 1. Estimated long- and cumulative short-run parameters of QARDL model containing commodity
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Figure 2. Estimated long- and cumulative short-run parameters of QARDL model containing gold
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To check for the distributional asymmetry of the QARDL parameters, we carried out the
Wald test of the null of parameter constancy across all the considered quantiles, namely 0.05,
0.1,0.2,...,0.9, 0.95.

The results in Table 4 indicate that the speed of adjustment parameter shows nonlinear
behavior in the model containing COMMODITY. Similarly, in the short-run past, Bitcoin
price variations impact their own current variations in an asymmetric manner, basically at lags
2, 4,9, 10 and 11, where the null of parameter constancy is highly rejected. In addition,
current, one-period lagged variations in bond prices and current contemporaneous variations
in USD are transmitted to current variations in Bitcoin prices in an asymmetric manner, as the
null of parameter constancy across quantiles is also rejected.

In the model containing GOLD, the long-run cointegrating relationship between MSCI and
Bitcoin prices is asymmetric, as was shown by the Wald test. Past variations in Bitcoin prices
asymmetrically influence their own contemporaneous variations in the short run at some lags,
such as at lags 2, 4, 5, and 7-11. More importantly, GOLD influences Bitcoin prices in an

asymmetric manner in the short run, both contemporaneously and at different lags.

Table 4. Wald test for asymmetry

Model 1: COMMODITY Model 2: GOLD

P 1.760* 1.120

[0.064] [0.344]

Busci 0.370 2.260%*
[0.961] [0.013]
Bron 0.890 1.480
[0.541] [0.140]
By 0.900 0.780
[0.529] [0.646]
Buso 1.590 1.460
[0.105] [0.149]
ALnBITCOIN,_, 0.870 0.830
[0.563] [0.596]
ALnBITCOIN,_, 2.410%** 1.820%
[0.001] [0.053]
ALnBITCOIN,_, 1.530 1.210
[0.124] [0.282]

ALnBITCOIN,_, 2.530%%* 3.590%%*
[0.005] [0.000]

ALnBITCOIN,_, 1.210 2.440%%*
[0.283] [0.007]
ALnBITCOIN,_, 1.010 1.010
[0.430] [0.428]

ALnBITCOIN,_, 1.790* 2.790%%*
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[0.058] [0.002]

ALnBITCOIN,_g 1.590 2.550%%*
[0.104] [0.005]

ALnBITCOIN,_, 6.790%%* 2.380%%*
[0.000] [0.008]
ALnBITCOIN,_4, 4.260%%* 1.800*
[0.000] [0.056]

ALnBITCOIN,_4, 3.170%%* 1.940%*
[0.000] [0.037]
ALnMSCI, 1.010 1.090
[0.436] [0.366]
ALnBOND, 1.830% 0.660
[0.051] [0.761]

ALnBOND,_, 4.540%%*
[0.000]

ALnX, 0.900 2.990%**
[0.536] [0.001]

ALnX,_, 2.860%%*
[0.001]
ALnX,_, 1.080
[0.375]

ALnX,_, 3.570%%*
[0.000]

ALnX,_, 3.340%%*
[0.000]
ALnX,_s 1.310
[0.219]
ALnUSD, 12.840%** 0.750
[0.000] [0.674]

Notes: The above table reports the results of the Wald test for parameter constancy between quantiles. ***, **
and * indicate rejection of the null hypothesis of parameter constancy across quantiles at the 1%, 5% and 10%

significance levels, respectively.
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Figure 3. Estimated long- and short-run parameters of the QNARDL model containing COMMODITY
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Figure 4. Estimated long- and short-run parameters of the QNARDL model containing GOLD
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In order to check the distributional asymmetry of the QNARDL model across the considered
quantiles, we carried out the Wald test of parameter constancy on each parameter of the two
QNARDL models, namely the models including respectively COMMODITY and GOLD. For
the first model, including the COMMODITY results in Table 5, below, shows that the ECM
parameter is different across quantiles, meaning that the speed of adjustment to the long-run
equilibrium path shows asymmetric behavior. Also, increases in bond prices are transmitted to
Bitcoin prices asymmetrically across quantiles, while decreases in bond prices pass through
Bitcoin prices in a symmetric manner. In addition, COMMODITY has an asymmetric long-
run impact on Bitcoin prices. In the short run, Bitcoin returns exert a nine-period lagged
asymmetric influence on their current prices, while bond prices and USD pass through Bitcoin
prices in an asymmetric manner.

For the second model, including GOLD the Wald test rejects the null of parameter constancy
across quantiles for the speed of adjustment parameter, increases and decreases in MSCI, and
increases and decreases in USD in the long run. In the short run, variations in Bitcoin prices at
lags eight and nine, as well as one-period lagged variations in GOLD are transmitted to

current variations in Bitcoin prices in an asymmetric way.

Table 5. Wald test for parameter constancy of QNARDL model

Commodity Gold
Ibitcoin,_4 75.152%%* lbitcoin;_4 83.446%**
[0.000] [0.000]
MSCI;_4 12.857 MSCI 32.953 %%
[0.232] [0.000]
BOND{ 27.061%** MSCI;_4 7.936
[0.002] [0.635]
BOND;_, 7.734 BOND,_4 12.997
[0.657] [0.223]
COMMODITY,_4 43.422%** GOLD;_4 11.753
[0.000] [0.302]
USD;_4 11.459 USD;} , 29.989%**
[0.323] [0.000]
ALnBITCOIN,_4 6.410 USD;_4 16.054*
[0.780] [0.098]
ALnBITCOIN,_, 12.607 ALnBITCOIN,_4 9.461
[0.247] [0.489]
ALnBITCOIN, 3 3.795 ALnBITCOIN,_, 4.968
[0.956] [0.893]
ALnBITCOIN,_, 13.714 ALnBITCOIN; 3 4.084
[0.186] [0.943]
ALnBITCOIN, _s 9.275 ALnBITCOIN,_, 7.270
[0.506] [0.700]
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ALnBITCOIN,_, 10.860 ALnBITCOIN,_; 10.577

[0.368] [0.391]

ALnBITCOIN,_, 5.942 ALnBITCOIN,_, 5.205
[0.820] [0.877]

ALnBITCOIN,_g 12.594 ALnBITCOIN,_, 7.278
[0.247] [0.699]
ALnBITCOIN,_q 20.936** ALnBITCOIN,_g 16.759%
[0.021] [0.080]

ALnBITCOIN,_4, 14.170 ALnBITCOIN,_, 38.447%**

[0.165] [0.000]

ALnBITCOIN,_,, 10.638 ALnBITCOIN,_4, 15.190
[0.386] [0.125]

ALnMSCI, 9.523 ALnBITCOIN,_4, 12.215
[0.483] [0.271]

ALnBOND, 24.238%* ALnMSCI, 7.088
[0.007] [0.717]
ALnBOND,_, 14.792 ALnBOND, 17.628*
[0.140] [0.062]

ALnCOMMODITY, 8.324 ALnGOLD, 8.107
[0.597] [0.618]
ALnUSD, 17.213% ALnGOLD,_, 16.487*
[0.070] [0.086]

ALnGOLD,_, 5.150

[0.881]

ALnGOLD, 4 14.356

[0.157]

ALnGOLD,_, 5.085

[0.524]

ALnGOLD, . 4.441

[0.925]

ALnUSD, 9.001

[0.532]

Notes: The above table reports the results of the Wald test for parameter constancy between quantiles. ***_ **
and * indicate rejection of the null hypothesis of parameter constancy across quantiles at the 1%, 5% and 10%
significance levels, respectively.

Overall, our results point toward some nuanced relation between the Bitcoin price and the
aggregate commodity index (gold prices) that differs not only between the short and long runs
but also is asymmetric, non-linear, and quantile dependent. Our main findings are
complementary to prior studies that have contributed to the price formation in the Bitcoin
market, using standard ARDL models (Ciaian et al. 2016, Li and Wang 2017, Bouoiyour and
Selmi 2015). In particular, they contradict with Ciaian et al. (2016), who showed that the
Bitcoin price is not driven by global macro-financial development, and with Bouoiyour and
Selmi (2015), who found an insignificant relation between Bitcoin and gold markets.

However, our findings are in line with those of Li and Wang (2017), who showed that Bitcoin
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1s sensitive to macro-economic indicators, although we reveal a broader picture of the specific
relation between the Bitcoin and the aggregate commodity index (gold prices), which was
found to differ between the short and long runs and across the quantiles. Our analysis
therefore highlights the importance of using advanced ARDL models, such as the NARDL,
QARDL, and QNARDL to uncover a more complete and nuanced picture of the relation
between Bitcoin and asset classes.

Independent of the employed methods, our main findings suggest that the Bitcoin market is
not as segmented or isolated as reported by Ji et al. (2017), but instead that it is affected by
macro-financial developments, in our case aggregate commodity and gold prices. This finding
indicates that Bitcoin and commodity (gold) markets share some common fundamentals,
which may reduce the benefits of diversification. Although in line with Bouri et al. (2017b,c),
who indicate a very weak correlation between Bitcoin and conventional assets and general
commodities, our results contradict with Kristoufek (2015), who argues that the Bitcoin price
is not affected by economic and financial variables. We instead show that with appropriate
ARDL modelling, which accounts for asymmetry, non-linearity, and quantile dependence, we
can indeed predict the Bitcoin price, based on price information from asset classes such as the
aggregate commodity index and gold prices. Accordingly, it is recommended that market
participants consider relations across the quantiles when making a comparison between
Bitcoin and aggregate commodity (gold prices). Furthermore, in exploring the determinants of
the Bitcoin price, scholars and financial practitioners should not limit their focus to specific
factors of cryptocurrencies (e.g. Bitcoin attractiveness indicators, Ciaian et al. 2016;
Blockchain technology, Polasik et al. 2015, Ciaian et al. 2016; anonymity of payment
transactions, Ober et al. 2013; use in illegal activities, Bohme et al. 2015; cyber-attacks,
Moore and Christin 2013; computer programming enthusiasts, Yelowitz and Wilson 2015),
but should also consider macro-financial development variables such as aggregate commodity

and gold prices.

4. Conclusion

Scholars and practitioners have recently started to examine the relation between Bitcoin and
several economic and financial variables. However, very little has been written about Bitcoin
and aggregate commodity, in general, and Bitcoin and gold, in particular. Using the advanced
ARDL models, we uncovered asymmetric and nonlinear relations between Bitcoin and the

aggregate commodity index, as well as between Bitcoin and gold prices, not reported by prior
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studies (Ciaian et al. 2016). We also uncovered more nuanced relations that vary across the
quantiles, suggesting that the Bitcoin market is not as segmented or isolated as reported by Ji
et al. (2017). Although Bitcoin is part of an alternative economy (Bouri et al. 2017c), its price
formation is affected by the aggregate commodity market, in general, and the gold market, in
particular. It follows that the Bitcoin market is partially integrated with the global financial
system, suggesting some weak diversification benefits from adding Bitcoin to investment
portfolios containing other assets. Furthermore, market participants can predict nonlinear and
asymmetric movements in the Bitcoin price, based on the price movements of other assets,
not on average but in some low and high quantiles.

Armed with such knowledge, Bitcoin users and traders can design trading strategies that
involve a large set of financial assets. Thus, there is a possibility of arbitrage, and the Bitcoin
market cannot be considered as informationally efficient with respect to aggregate commodity
and gold prices. Similarly, for risk management purposes, market participants would have the
chance to recognize that aggregate commodity and gold prices represent a portion of the
changes in the Bitcoin price. Since Bitcoin does not lodge appeals to intermediaries, it is
considered a cheap instrument that policy makers could use to transfer currencies, stocks,
commodities, bets and sensitive information.

Although we report noteworthy findings on the relation between Bitcoin and commodity
markets, we do not account for the price crash of 2013 (Bouri et al. 2017b) and its potential
effect on our analyses. Future research could consider this issue and further focus on the

Bitcoin-stock nexus in China, which represents a large part of Bitcoin trading activities.
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