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Abstract

This paper proposes an empirical model for analyzing the dynamics of Bitcoin prices.
To do this, we consider a vector error correction model over two overlapping periods:
2010-2017 and 2010-2019. Price discovery is achieved through the Gonzalo-Granger
permanent-transitory decomposition. The pricing factors are endogenous linear com-
binations of the S&P 500 index, gold price, a Google search variable associated to
Bitcoin, and a fear index proxied by the FED Financial Stress Index. Our empirical
analysis shows that during the first period a linear combination of four pricing factors
describes the efficient Bitcoin price. The S&P 500 index and Google searches have a
positive effect whereas gold prices and the fear index have a negative effect. In con-
trast, during the second period, the efficient price behaves idiosyncratically and can
be only rationalized by individuals’ search for information on the cryptocurrency.
These findings provide empirical evidence on the presence of a correction in Bitcoin
prices during the period 2018-2019 uncorrelated to market fundamentals. We also
show that standard empirical asset pricing models perform poorly for explaining
Bitcoin prices.
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1 Introduction

There is an emerging empirical stream of literature that has attempted to explain the
mechanisms behind cryptocurrency pricing and, in particular, Bitcoin. This paper belongs
to this recent tradition, however, in contrast to most empirical studies on the dynamics
of the cryptocurrency, we focus on uncovering its efficient price. Informally, the efficient
price can be interpreted as an average price that reflects the long-run dynamics of the price
after removing short-term fluctuations due to market noise, outliers or the occurrence of
other transitory disruptions in the market.

The contribution of this paper is twofold. First, we identify the long run relation-
ship between Bitcoin and a set of variables with power to explain the dynamics of the
cryptocurrency. This is done applying cointegration methods. If Bitcoin is cointegrated
with any of the other variables considered, it implies that there is a long-run relationship
between them. This can be used by investors to make strategic trading decisions. When
there is a deviation from the long-run equilibrium, investors can act on that in the belief
that it will return to the long-run equilibrium. The second contribution is to explore the
factors with ability to explain the efficient Bitcoin price. More formally, we define the effi-
cient Bitcoin price as the permanent component of the cryptocurrency log-price obtained
from the permanent-transitory (P-T) decomposition proposed in Gonzalo and Granger
(1995). To the best of our knowledge, this is the first paper that identifies the efficient
price of Bitcoin by applying the permanent-transitory (P-T) decomposition proposed by
these authors.

Our empirical strategy is based on estimating a vector error correction model (VECM),
see Johansen (1988, 1991), to assess the long-run relationship between the Bitcoin spot
price and a set of financial, economic and sentiment variables. Motivated by the empirical
literature exploring the determinants of Bitcoin and also by the properties of cryptocurren-

cies, we entertain the following variables: 1) the S&P 500 index capturing the performance



of financial markets, 2) the price of gold, a commodity with investment properties similar
to those characterizing Bitcoin, 3) Google Search as a variable that quantifies the entries
in the Google engine associated to Bitcoin, in particular, and cryptocurrencies, in gen-
eral, and 4) a fear index proxied by the FED Financial Stress Index that captures market
sentiment.

The VECM specification is applied to two overlapping periods characterized by very
different dynamics. A first period considering data up to January 2018, and a second
period that considers data up to May 2019 characterized by a steep decline in the Bitcoin
price and a slow recovery. The findings of our empirical study are in stark contrast across
periods. For the first period, we find strong positive comovements between the dynamics
of Bitcoin price and online interest in the cryptocurrency measured by Google searches.
The other factor with a positive relationship with Bitcoin price is the S&P 500 index. Gold
spot price and the fear index have, on the other hand, a negative effect. These empirical
findings suggest that during this period Bitcoin is procyclical, driven by investors’ interest
on the cryptocurrency and positively correlated to the market portfolio. In this period
Bitcoin follows the trend exhibited by financial markets and cannot be considered as an
alternative asset or safe haven. These findings are empirically confirmed by the negative
relationship between the cryptocurrency, the gold price and the fear index.

These results change dramatically if we include the period 2018-2019 in our analysis.
Thus, with data spanning the period July 2010 to May 2019, we find that the only vari-
able with power to explain the dynamics of Bitcoin in the long-run is online interest in the
cryptocurrency. Financial variables such as the S&P 500 index and the gold spot price
are no longer statistically significant. The fear index measuring market sentiment is not
relevant either. During the last period, Bitcoin prices are mainly driven by individuals’
expectations reflected in an increase in online searches followed by a sharp decrease, and
not by market fundamentals. In this period we find statistical evidence of predictability

between the returns on Bitcoin and variation in Google searches, that runs in both direc-



tions, indicating that these feedback effects act as a mechanism to increase prices based
on information (observed interest in the cryptocurrency) and to increase the interest in
the cryptocurrency as prices rapidly grow.

We are not the first to apply cointegration and VECM for explaining the dynamics
of Bitcoin and interdependencies with other variables. For example, Ciaian et al. (2015)
propose VECM specifications for Bitcoin prices as a suitable methodology to account for
potential endogeneity between the variables, see Liitkepohl and Krétzig (2004). Other
recent studies exploiting the cointegration methodology to investigate the long-run rela-
tionship between Bitcoin and other cyrptocurrencies are Bagao et al. (2018), Ciaian et al.
(2018), Leung and Nguyen (2019) and Van den Broek (2018).

The long-term equilibrium relationship between the variables uncovered through the
VECM specification is applied to obtain the efficient price of Bitcoin once transitory
effects are filtered from observed prices. The Gonzalo-Granger decomposition allows us
to differentiate between a permanent component that drives the efficient long-run price of
the cryptocurrency and a transitory component. The P-T decomposition also provides an
automatic characterization of the common factors with power to explain the dynamics of
the efficient Bitcoin price. These factors are constructed as a linear combination of the
set of explanatory variables proposed in the VECM representation and are interpreted in
this context as pricing factors. In the empirical exercise corresponding to the period 2010-
2017, we find four common factors for explaining Bitcoin prices. The first factor can be
interpreted as a market portfolio, see Sharpe (1964) and Lintner (1965). The second factor
exploits the common features between gold and Bitcoin prices. The third factor is a linear
combination of Bitcoin and Google Search, and the fourth factor captures overall market
sentiment usually proxied by the FED fear index. These factors track very accurately the
permanent component of Bitcoin prices. These factors replace traditional factor models
such as Fama and French (1993, 2015) common factors that are shown to perform very

poorly in the current setting. These common factors are robust to the sample period, thus,



the P-T decomposition obtained from the VECM applied to 2010-2019 provides the same
set of pricing factors. However, in this case, the contribution of the factors to explaining
the efficient Bitcoin price is very different. During this period the third factor given by a
combination of Bitcoin and Google Search gains importance whereas the market portfolio
factor and the factor tracking gold prices lose relevance.

The rest of the paper is organized as follows. Section 2 presents a literature review
on the determinants of Bitcoin. The section also describes the data used for our empir-
ical analysis and provides some background on the choice of pricing variables. Section
3 contains the results of the cointegration analysis and derives the equilibrium dynamics
of Bitcoin prices after applying a VECM. Section 4 introduces the Gonzalo and Granger
(1995) P-T decomposition and derives the efficient Bitcoin price. Section 5 presents a
separate empirical asset pricing exercise to illustrate the poor performance of Fama and
French type models for explaining Bitcoin. Section 6 concludes the paper with a summary
of the main results and proposals for further research. Tables and figures are collected in

an appendix.

2 Literature review

The increasing interest in cryptocurrencies has resulted in an exponential growth in the
number of studies considering different features of cryptocurrencies. Recent studies differ
in the econometric methodologies proposed to study the dynamics of the cryptocurrencies
and also on the set of factors used to rationalize its behavior. We highlight important
contributions by Ciacian et al. (2015), Hayes (2016), Kristoufek (2015), Polasik et al.
(2015), Zhu et al. (2017), Blau (2017), Zhang et al. (2018), Bouri et al. (2018), Jareno et
al. (2020) and Kalyvas et al. (2020). These authors use a variety of econometric models
such as OLS, VECM, Wavelet Analysis, IV Estimation, GARCH and MF-DCCA models

and consider market and technical variables to explain the dynamics of cryptocurrencies.



A major feature of the Bitcoin spot market is the importance of unconventional vari-
ables such as Google trends and other online and social media activities to explain the
dynamics of prices and returns. Several authors such as Kristoufek (2013, 2015), Glaser
et al. (2014), Bouoiyour et al. (2014), Gozcek and Skliarov (2019) and Dastgir et al.
(2019) measure individuals’ interest on Bitcoin by the increase in the volume of online
searches. Similarly, Garcia et al. (2014) show that word-of-mouth information on social
media, information on Google Trends and inflows of Bitcoin users have a significant in-
fluence on Bitcoin price changes. Bouoiyour and Selmi (2017) use Google search queries
for India and Venezuela alongside with some macro and financial factors and find that the
growing attention in Bitcoin leads to increasing prices when the market is in normal and
bull regimes. By utilizing Factor Augmented Vector Error Correction Model, Gozcek and
Akliarov (2019) consider large data set of explanatory variables, but their results indicate
that the popularity is the main variable that drives Bitcoin prices.

The message emerging from these literatures is that the price of Bitcoin is closely
related to individuals’ interest in the cryptocurrency and not so much driven by mar-
ket fundamentals. Dastgir et al. (2019) examine the casual relationship between Bitcoin
attention (measured by the Google Trends search queries) and Bitcoin returns for the pe-
riod from January 1, 2013 to December 31, 2017. By employing the Copula-based Granger
Causality in Distribution (CGCD) test, they observe a bi-directional causal relationship
between Bitcoin attention and Bitcoin returns especially in the left tail (poor performance)
and the right tail (superior performance) of the distribution.

Kristoufek (2015) classifies potential pricing variables into three categories: economic
drivers, technical drivers and attractiveness (popularity). Examples of economic drivers
measuring the demand for the cryptocurrency are the ratio between trade and exchange
transaction volume, the number of transactions excluding exchange transactions, esti-
mated output volume, and total bitcoins in circulation. Examples of technical drivers are

the hash rate and the difficulty of mining. Variables capturing the popularity of Bitcoin



as an investment are the number of Wikipedia searches and metrics reported by Google
Trends. Kristoufek (2015)’s study also includes a financial stress index and gold prices
to assess the relationship between the cryptocurrency and variables considered as safe
havens under financial turmoil. The main conclusion in Kristoufek (2015)’s study is that
the price of Bitcoin is mainly driven by investors’ interest in the cryptocurrency and not
by macroeconomic fundamentals or financial ratios. This observation is most evident in
the long run, however, this author also observes a short-term effect characterized by an
increasing interest in the cryptocurrency during episodes of explosive prices and during
rapid declines that push prices further down. In these scenarios, Bitcoin does not appear
to be a safe haven investment.

The most important technical driver of Bitcoin price is the hash rate. This variable
captures the mining effort - hashing power - or hash rate, that is measured in gigahashes
per second (GH/s). This quantity refers to the computational effort applied by miners to
obtain bitcoins over a given time interval, typically one day. The hash rate, or number of
hashes per second can be thought of as somewhat analogous to the cycles per second (hertz)
of computer processors: the higher the hash rate, the more likely it is to successfully mine
bitcoins per day, see Hayes (2016). Despite the importance of this factor in the supply
of Bitcoins, there is no consensus in the literature about whether it significantly affects
the Bitcoin price. Georgoula et al. (2015) and Hayes (2016) find the hash rate to be a
significant positive driver of the Bitcoin price. However, Kristoufek (2015), Kjeerland et al.
(2018) and Bouoiyour and Selmi (2015) find the hash rate to have no statistical significance
for modeling Bitcoin price dynamics. The reason for the absence of significance given by
these authors is that the hash rate does not affect Bitcoin supply.

In the following subsection, we introduce the dataset relevant for our empirical study
and motivate the choice of factors with power to explain the dynamics of the cryptocur-

rency.



2.1 Data description

Our sample covers weekly data from July 22, 2010 to May 19, 2019. The weekly frequency
of the observations is due to availability of data on Google searches on Bitcoin. This time
series is reported with this frequency so rather than interpolating in order to construct a
time series of daily observations, we prefer to work with all the variables in our empirical
specification with weekly frequencies. By doing so, we avoid oversmoothing the daily
observations on Google searches and at the same time we analyze the market for Bitcoin
at a frequency that is informative about market volatility but avoids the noise inherent at
high frequencies.

For Bitcoin price data, we use the Coindesk Bitcoin USD Price Index, a simple average
of global Bitcoin/USD exchange prices. It is expressed as the midpoint of the bid/ask
spread across a number of global exchanges meeting certain criteria with regards to min-

! Figure 1 below depicts the historical

imum trade size, trading volume and others.
development of the Bitcoin price quoted in USD. Bitcoin prices were relatively stable
before late 2013. After this date prices moved quite dramatically reaching values up to
$16,858 and reflecting the increased attention of Bitcoin by investors. Also, the market
value of all bitcoins in circulation went from about $277,000 in July of 2010 to over $185
billion in January 2018, being at the highest level of $312 billion in December 2017. After
January 2018, we observe a steep decrease in the price of Bicoin and a further recovery
during 2019.

Following empirical studies in cryptocurrencies, see also a nice review by Corbet et al.
(2019), we propose a set of macroeconomic and financial variables with the potential to
explain the dynamics of Bitcoin. These variables are the S&P 500 index, capturing the

performance of global financial markets, the price of gold, as a commodity with investment

properties similar to those characterising Bitcoin, Google searches associated to Bitcoin,

1See http://www.coindesk.com /price/bitcoin-price-index for more detailed information. The data that
support the findings of this study are available from the corresponding author upon reasonable request.



and a fear index proxied by a financial stress indicator that captures market sentiment.
Data on the S&P 500 index, gold prices and the FED Financial Stress Index (fear index)
are obtained from the Federal Reserve Bank of St. Louis website.

The influence of stock prices is modeled through the inclusion of the S&P 500 index.
Although this financial index is constructed from US equity data, it is widely used as an
indicator of the performance of global equity markets and, more generally, global financial
markets. We also include gold as a determinant of the dynamics of Bitcoin. This is so
because since its inception Bitcoin has reacted positively to negative shocks to stock prices
suggesting that Bitcoin is used as a hedging instrument in periods of financial distress.
Dyhrberg (2016) tests the hedging capabilities of Bitcoin and shows that Bitcoin has
hedging characteristics as gold. Gold also shares other characteristics of cryptocurrencies
such as high price volatility and finite supply.

Online activities tracking interest in Bitcoin are also considered by incorporating the
weekly time series of Bitcoin views obtained from Google. More precisely, we use the
number of times a keyword related to Bitcoin is entered into the Google engine. Google
search volume data has been used in many studies as a proxy of users’ attractivenes such
as Google search and employment (Askitas and Zimmermann (2009)), Google search and
consumption expenditures (Vosen and Schmidt (2011)), Google Search and housing prices
(Kulkarni et al. (2009)), Google search and stock trading volume (Vlastakis and Markellos
(2012)) and Google Search and Bitcoin prices (Bouoiyour at al. (2014); Kristoufek (2013,
2015); Fry and Cheah (2015)).

The fourth explanatory variable defining our empirical asset pricing model of Bitcoin
prices is a variable measuring overall market sentiment. This is proxied by the FED
financial stress index and measures the degree of financial stress in the markets. It is
constructed from 18 weekly data series: seven interest rate series, six yield spreads and
five other indicators. Each of these variables captures different aspects of stress in financial

markets.



We do not include the hash rate as empirical evidence is inconclusive about the sta-
tistical contribution of this variable to explain the dynamics of Bitcoin. The following

section introduces the econometric specification.

3 Econometric Specification

In this section we introduce the VECM specification for describing the long-run equilibrium

relationship between the variables in the pricing model. We do this for two different

overlapping periods with very different characteristics. First, we consider data up to

January 2018 and, second, we consider data up to May 2019. By doing so, we explore the

effect of the turbulent January 2018 to May 2019 period in the modelling of Bitcoin prices

within a longer period that contains both calm and turbulent episodes of Bitcoin prices?.
The results present contrasting evidence on the relevance of the pricing factors.

The VECM is represented as follows:

AY, =aZ,_1+ Xp: [AY,; + €, (1)
i=1

where Y; = (DPpiteoins Ps&rs00s Paoids 800, fed)’” with p denoting the log-price of Bitcoin, the
S&P 500 index and gold, respectively; goo denotes the log of the variable Google Search
and fed is the fear index defined by the FED financial stress indicator. The equilibrium
condition is characterized by the error correction variable Z; = A'Y; with S the coin-
tegrating vector; « is the vector of loadings that measures the speed of adjustment of
the departures from equilibrium Z;_; to the dynamics of the vector AY;, with AY; the
variables in first differences. The matrices I['; capture the short-run Granger-casual re-

lationships between the variables in first differences. The random vector ¢, denotes the

2The choice of these two periods is not determined by a formal statistical analysis derived from the
application of structural break tests. We indeed carry out these tests over the entire sample period and
find a structural break at January 2018, among a few other periods. However, rather than splitting the
sample into two very unequal disjoint periods, we prefer to study the effect of the period January 2018 to
May 2019 within a longer period that contains both calm and turbulent episodes of Bitcoin prices.
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multivariate error term.

3.1 Period 2010-2017

Summary statistics of all the variables considered in our study during this period are
reported in the top panel of Table 1. The maximum price of Bitcoin in our sample is
$16,858 and the minimum is $0.05. Bitcoin has by far the highest level of volatility across
all series. It is positively skewed and exhibits an excess kurtosis with respect to the normal
distribution. These empirical features of the series of Bitcoin prices are quite different from
the rest of variables in the system. For example, the S&P 500 index and the price of gold
have a small skewness parameter and the kurtosis is close to that of the standard normal
distribution. Only the variable Google Search has summary statistics similar to those of
the time series of Bitcoin prices.

Table 2 presents the results of unit root and cointegration tests for the period July 2010
to January 2018 using several vector autoregressive specifications up to five lags. The left
panel presents the emprical results for the Augmented Dickey Fuller (ADF) and Phillips
and Perron (P-P) tests. Both tests fail to reject the null hypothesis of non-stationarity,
hence each series contain unit root. The middle panel presents the p-value of the Engle-
Granger two-stage cointegration test. A low p-value of the test entails the rejection of
the null hypothesis and provides evidence of cointegration between the series. The right
panel reports the p-value and log-likelihood ratio test for the Johansen’s test introduced in
Johansen (1988,1991). The results provide evidence of a single cointegration relationship
between the variables in the system.

We retain the VECM with one lag and present the subsequent analyses using this

model. The cointegrating vector § characterizes the following long-term relationship

8Pseprs00 T 3-22Pgeg — 0.71goo + 0.80fed. (2)

Z =Dnp. . — 3.4
t P Bitcoin (0.98) (1.08) (0.06) (0.35)
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Operating with this expression, we obtain the following equation that describes the price
of Bitcoin in equilibrium:

tooin = 3.48 —3.22 0.71 — 0.80fed. 3
PBitcoin (0.98)pS&P500 (1.08)pG°ld * (o.oe)goo (0.35) ¢ 3)

An increase in the S&P 500 index or in Google search queries is corresponded by an
increase in Bitcoin prices. In contrast, an increase in gold prices or the fear index are
corresponded by a fall in the Bitcoin price.

An interesting implication of the vector error correction model is the possibility of
testing for long-run causality from the equilibrium condition Z;_; to the series of Bitcoin
prices. More formally, a statistically significant parameter « suggests that departures of
Z,; from zero have predictive ability on the dynamics of the return process AY;. That is, a
negative value of the parameter « entails mean reversion to the equilibrium condition (3).
The magnitude of the parameter a conveys information about the speed of adjustment
of the time series AY; to restore equilibrium in the system. The vector of a coefficients

corresponding to the above VECM with one lag is

!/
o= <—0.041,0.0045,—0.004,0.100, —0.004) . (4)
(0.016)  (0.0018)  (0.002) (0.034)  (0.463)

These results suggest that departures from equilibrium, given by values of 7, different
from zero, have in general a mean-reverting effect on the dynamics of the different series.
A positive value of Z; can be interpreted as evidence of a positive idiosyncratic shock in
the cryptocurrency market. According to the VECM (1) and the parameter estimates (4),
this positive value results in a negative correction of the price of Bitcoin (o = —0.041)
and Gold (a3 = —0.004) in the next period, and an increase in the price of the S&P 500
index (a2 = 0.0045) and online interest in the cryptocurrency (cay = 0.100). In contrast,

the fear index can be considered exogenous to departures from the equilibrium condition
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(3) since the parameter « is not statistically significant?.

Table 3 reports the p-values of the Lagrange Multiplier test for autocorrelation of the
error terms. Overall, the results are very supportive of the VECM specification with one
lag. For completeness, Table 5 reports the p-values of the test for the presence of het-
eroscedasticity in the residuals of the fitted models. In this case the results suggest that
the proposed econometric specification could be further improved by including a model
for conditional heteroscedasticity of the error terms. Accounting properly for conditional
heteroscedasticity in the error terms is important for understanding the dynamics of the
volatility process of Bitcoin over time. Econometrically, it is important for the efficient
estimation of the model parameters, however, it does not affect consistency of the param-
eter estimates. In our setting, we are interested in developing a pricing model for Bitcoin
similiar in spirit to models proposed in the empirical finance literature using observed and

unobserved factors for pricing risky assets.

3.2 Period 2010-2019

This block is divided in two different analyses of cointegration. First, we repeat the above
analysis for the extended sample period covering data up to May 2019; second, we also
carry out an analysis of cointegration for this period only considering Google searches and
Bitcoin prices.

Summary statistics of all the variables considered in our study during this period
are reported in the bottom panel of Table 1. The Dickey-Fuller test fail to reject the
null hypothesis of unit root for any of the variables. The full analysis of cointegration
between the five variables discussed above is repeated now for an extended period that

includes turbulence in the cryptocurrency market. Interestingly, for this period, the long-

3Unreported results available from the authors upon request show that only gold prices Granger-cause
the Bitcoin price. This concept of causality refers to short-term causality, that is, to the existence of
predictability from the lagged returns on gold on the series of Bitcoin financial returns.
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run equilibrium condition becomes

Ly = o 0.96 2.06 —1.97 1.32fed. 5
t = PBitcoin T (0_64)1)5&13500 + (0A45)pGold (o.oo)goo + 55 e (5)

The only variable that is statistically related in the long-run to Bitcoin prices is Google
Search. This result illustrates analytically the decoupling between Bitcoin and economic
and sentiment variables during this period. The vector with the speed of adjustment pa-

(0.006) (0.483)  (0.125) (0.64) (0.000)  (0.083)
the exogenous character of the variables in the cointegration equation. The only endoge-

rameters is a = (0.00470.000, —0.000, 0.96,0.031, —0.002). These results clearly reveal

nous variables in the VECM specification are the time series of Bitcoin prices and Google
Search. This scenario agrees with the empirical literature mentioned above that stresses
the role of online searches as the only variable that can rationalize the long-run dynamics
of Bitcoin price.

In order to study in more detail the statistical ability of online searches in explaining
Bitcoin prices, we carry out a separate analysis of cointegration between the two variables.
Figure 1 plots the dynamics of both variables over the period under study. The plots
reveal strong positive comovements between both series. Interestingly, although non-
stationary, online searches tend to revert more quickly to the mean than Bitcoin prices.
This observation may be driven by a lower volatility of the time series of Google searches
than Bitcoin prices. Economically, it suggests that a positive outlook on Bitcoin favours
investors’ interest in the cryptocurrency that is reflected in increasing prices. This online
interest on the cryptocurrency recedes over time, however, Bitcoin prices take more time
to react and decrease. This is observed during the years 2014 and 2015 reported in Figure
1 and, more recently, in the significant drop in Bitcoin prices after 2018.

We formaly assess the relationship between these variables by fitting a VECM. We find

that a VECM(1) is sufficient to capture the long-run relationship between the variables.
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The equilibrium condition between both variables implies the relationship
Geoin = 3:98 + 1.93 .
PBitcoin + (O.OOO)gOO

Interestingly, the speed of adjustment parameter « is in this case a = (—((95(32()))5, 969)050%)
indicating that Google Search adjusts to departures from equilibrium bet\;veen thé two
variables but Bitcoin price is exogenous. For example, if Bitcoin price goes up beyond
what the equilibrium relationship dictates, the model predicts a further increase in Google
searches in the next period that is driven by the parameter 0.055. The same result is
observed for negative shocks to Bitcoin price affecting the equilibrium condition.

The analysis of short-run predictability reveals the presence of Granger causality in
both directions. An increase in online searches has a positive and significant effect on
next period’s log return on Bitcoin - the parameter estimate is 0.094 with a p-value of
0.003 - and an increase in the log return on Bitcoin has a positive impact in the next
period on the volume of Google searches - the parameter estimate is 0.516 with p-value

4. These feedback effects act as a mechanism to increase prices based on

equal to zero
individuals’ information gathered through online searches, and to increase the interest in

the cryptocurrency as individuals observe Bitcoin prices rapidly grow.

4 Empirical pricing model

This section introduces the Gonzalo-Granger P-T decomposition as a mechanism to obtain
endogenously the set of pricing factors with power to explain the efficient Bitcoin price.
Following the literature on price discovery initiated by Garbade and Silber (1983), we
interpret the efficient price as the permanent component of Bitcoin price. As in previous

sections, we divide the analysis into two overlapping periods.

4Full VECM parameter estimates for this model are available from the authors upon request.
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4.1 Gonzalo-Granger P-T decomposition

In the Gonzalo and Granger (1995) decomposition the permanent component is char-
acterized by a set of common factors f; that exhibit unit root behavior and drive the
long-term dynamics of Bitcoin prices. Gonzalo and Granger (1995) impose the following
two conditions to identify the common factors: i) the factors are linear combinations of
the original variables Y; and ii) the transitory component does not have predictive ability
on the common factors. Under these two conditions the only linear combinations of the

original variables such that the transitory component has no long-run impact on them are

ft = O/J_Y;fa (6)

with « defined in our example by a 5 x 4 matrix satisfying o/, &« = 0. Once the common
factors f; are identified the P-T decomposition of Y; is obtained as a linear combination of
the factors f; with loadings A; and a transitory component given by the cointegrating
vector Z; with loadings As;. More formally, for the vector Y; the corresponding P-T
decomposition is

Y, = Aife + Ao Z, (7)

with A; = B1(¢/,81)"! and Ay = a(f'a)™!, where 5, is a 5 x 4 matrix satisfying that
BB = 0. The factors f; contain the linear combinations of AY; that have the common
feature of not containing the levels of the error correction term Z; in them. Let Y,* = A, f;
denote the unobserved permanent component associated to the original vector Y; that we

interpret as the efficient price - also called fundamental value - of Bitcoin.

4.2 Period 2010-2017

The left panel of Table 5 reports the coefficients of the matrix o defining the common

pricing factors during this period. The right panel reports the coefficients of the factor

16



loadings A; characterizing the permanent component of Y;. The reported parameter values
are constructed using the estimates of the vector error correction model specification fitted
in the previous section. The results show that there are four common factors driving the
dynamics of the five time series. The first column on the left panel of Table 5 shows that
the first common factor is mainly driven by the dynamics of the S&P 500 index. The
second column reports the parameters that define the second common factor. This factor
is mainly driven by the dynamics of gold prices. The third column shows that the third
common factor is a combination of Bitcoin and Google Search. The fourth factor is mainly
driven by the value 0.998 that is associated to the fear index with the remaining variables
having a negligible contribution on the factor structure.

The first factor can be interpreted as the market portfolio as in standard asset pricing
formulations, see Sharpe (1964), Lintner (1965) and, more recently, Fama and French
(1993, 2015). In contrast to these formulations, our market portfolio factor is driven by
the price of the S&P 500 index and not by the excess returns. The second factor exploits
the common features between gold and Bitcoin prices. The third factor constitutes one of
the main distinctive features of our empirical analysis. This factor is a linear combination
of Bitcoin and Google Search. Visual inspection of the joint dynamics of these variables in
Figure 1 shows evidence of a strong positive comovement between both variables. The price
of Bitcoin responds very quickly to the attention of investors to the cryptocurrency such
that it increases when the volume of Google searches grows, and rapidly decreases when
interest in the cryptocurrency drops. This factor is the main instrument for explaining
the excess kurtosis observed in Bitcoin prices. The other factors are unable to replicate
Bitcoin large fluctuations in returns. The fourth factor captures overall market sentiment
as proxied by the FED fear index.

The analysis of the matrix A; on the right panel of Table 5 provides information on
the specific composition of the variables Y;*. In particular, we are interested in the first

component Y75 that represents the efficient Bitcoin price. This variable is defined by the
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vector of parameters (1.009, —0.934,0.681, —0.250) such that

Y] = Phiteoin = 1.009f1; — 0.934 fo, + 0.681 f3, — 0.250 f4. (8)

The magnitude of the parameters associated to the four pricing factors reveal an important
effect on the efficient Bitcoin price. Combining this information with the estimates of a |
on the left panel, we conclude that the efficient price is positively related to the S&P 500
index and negatively related to gold prices. The fear index also has a negative effect on
the long-run dynamics of Bitcoin. The top panel of Figure 2 reports the dynamics of the
efficient price Y} = PEireoin Obtained from the P-T decomposition along with the dynamics
of the original Bitcoin price denoted by Yi;. The bottom panel reports the permanent
component of the variable Google Search Y}; along with the original time series Yj,.

The other series are not reported to save space but are available from the authors upon
request. In all cases the permanent components - efficient price in the case of Bitcoin - are
very close to the actual time series. A more detailed analysis of the P-T decomposition
also allows us to analyse the factors that drive the permanent component of the remaining
variables in the system, namely, S&P 500 index, gold and the fear index. The parameters in
the second row of A; describe the factor loadings defining the permanent component of the
S&P 500 index. The relevant parameters are (0.893,0.098, —0.001, 0.023) that suggest that
the fundamental value of this financial index is mainly driven by the first common factor.
Note, however, that this factor was constructed from the S&P 500 index. These two facts
suggest that the S&P 500 index is exogeneous and, hence, the common factor tracking this
variable is, in fact, a close representation of the variable itself. Similar results are obtained
for the fundamental values of gold and the fear index. The analysis of Google Search
is different. In this case the permanent component tracking this variable is driven by a

combination of the four pricing factors, with loadings given by (—2.360, 2.183,0.964, 0.529).
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4.3 Period 2010-2019

Table 6 reports the coefficients of the matrix a; and the factor loadings A; characterizing
Y," through the expression Y;* = A, f;, with f; = o/|Y;. The reported parameter values
are similar to those obtained for the previous decomposition. There are small differences
in the construction of the common factors but the overall definition of the pricing factors
is robust across sample periods. The first factor can be interpreted as a market portfolio.
The second factor is mainly driven by gold prices. The third factor is a linear combination
of Bitcoin and Google Search, and the fourth factor is driven by the FED fear index.
The construction of the efficient price of Bitcoin Y7} is, however, very different from the
previous case. The inclusion of the period 2018-2019 modifies completely the sensitivity

of the efficient Bitcoin price to the common factors. The permanent component of Bitcoin

is now defined as

Y} = Disreoin = —0.153f1; — 0.329 fo + 0.879 f5, — 0.249 f. 9)

The sensitivity of the first factor swaps sign with respect to the analysis of 2010-2017 and
loses relevance for describing the efficient Bitcoin price. The magnitude of the second
factor is also significantly smaller. The third factor, driven by a linear combination of
the Bitcoin time series and Google Search, gains importance in this period. This result is
consistent with the findings of the reduced VECM(1). The contribution of the fear index
factor is, however, similar to the previous period.

Figure 3 illustrates the performance of the P-T decomposition in approximating the
time series of Bitcoin prices and Google Search. In particular, the top panel of Figure
3 reports the dynamics of Y7}, tracking the efficient Bitcoin price, and the bottom panel
reports the dynamics of Y);, tracking the permanent component of Google Search. The

remaining examples are available from the authors upon request.
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5 An asset pricing model for Bitcoin returns

The empirical analysis carried out above presents two equations for explaining the price
of Bitcoin. Equation (3) describes the actual price of Bitcoin as a linear combination of
the S&P 500 index, gold, Google Search and the FED financial stress indicator. This
pricing equation is obtained under equilibrium conditions using a VECM representation
of the relationship between the five variables in the system. The VECM also provides
an equation for explaining the short-run dynamics of the returns on Bitcoin around the

equilibrium condition. In particular, rewriting equation (1), we have

Tt Bit = —-0.041Z7,_1 + 0.15 T4 1,Bit — 0.59 I't—1,gold + €, Bit, (10)
(0.016) (0.051) (0.334)

with €, i the error term associated to the Bitcoin time series. The return on Bitcoin is
mean-reverting such that positive departures from the equilibrium condition, interpreted as
abnormal movements in the Bitcoin price, entail a negative return on the cryptocurrency
in the next period. There is also evidence of serial persistence of Bitcoin returns and
negative predictive ability of the return on gold on next period Bitcoin returns.
Alternatively, we can also derive a pricing equation taking first differences in equation

(8). In this case we define the efficient Bitcoin return, that is defined as
rp; = 1.0097, , — 0.934r, , + 0.681rp, , — 0.2507, 4, (11)

where ry, , for i = 1,...,4 denote the first differences on the pricing factors obtained from
the P-T decomposition. This expression can be interpreted as a pricing equation similar
in spirit to standard empirical asset pricing models such as Fama and French (1993, 2015)
and Carhart (1997). As noted earlier, the return on the first factor, ry, ;, is very close to
the return on the S&P 500 index. This fact allows us to interpret the pricing formula (11)

as an extension of the standard CAPM that incorporates a different set of pricing factors
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constructed endogenously from the P-T decomposition. The second factor is characterized
by the return on gold, the third factor is a combination of the growth in Google searches

and Bitcoin returns, and the fourth factor denotes the growth of the fear index.

5.1 Fama-French specification

The empirical application is completed by presenting an empirical asset pricing exercise.
In this case the interest is not in discovering the Bitcoin price but, instead, in testing
statistically the predictive power of standard pricing factors. In particular, we focus on
the Fama-French three-factor model that is fitted in Table 7 to the three time series of
returns introduced above.

First, we consider the excess return on Bitcoin given by rg;; — ro;, with ro, the weekly
risk-free interest rate proxied by the 3-month US Treasury bill. Second, we consider
the fundamental value of the excess return on Bitcoin given by 1}, — 7o:. Third, we
consider the excess returns on the transitory component of Bitcoin. The latter component
is stationary by construction and can be considered as a return on the asset. The transitory
component is estimated as the difference between pg;, and p%,,5. The results show the
poor performance of the Fama-French three-factor model for explaining the dynamics of
the excess returns on Bitcoin, rg; — ros, for the time series under study. None of the
pricing factors are statistically significant and the coefficient of determination R? is very
close to zero.

The results for the three-factor model for the excess returns rp;, — 7o yield similar
results. In this case the coefficient associated to the excess return on the market portfolio is
positive and statistically significant highlighting the role of this pricing factor for explaining
the fundamental value of Bitcoin spot prices. This finding is very much in the spirit of

Sharpe’s CAPM. In our asset pricing framework we rationalize this result as a consequence

5 Alternatively, the transitory component can be obtained, see (7), as a1(f'a)~1Z; with a; the first
element of the vector o carrying the long-term causality in (1).
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of the long-run relationship between the financial index and Bitcoin prices shown above.
For completeness, we have also fitted the three-factor model to the transitory component
of Bitcoin prices. The results show the poor predictive ability of the Fama-French pricing

factors for explaining the transitory component of Bitcoin.

6 Conclusions

This paper provides an empirical exercise of Bitcoin price discovery. To do this, we pro-
pose a VECM and a permanent-transitory decomposition of the Bitcoin spot price series.
This modelling strategy provides a set of common factors for describing the efficient price
- permanent component - of the cryptocurrency that is endogenously constructed as a
combination of a set of explanatory variables.

The results of the model applied to data from July 2010 to January 2018 show the
relevance of four pricing factors for explaining the efficient Bitcoin price. These factors are
the S&P 500 index, the price of gold, Google online searches associated to Bitcoin, and
a fear index proxied by the FED Financial Stress Index that captures market sentiment.
The S&P 500 index has a positive effect on the fundamental value of Bitcoin prices and
the gold spot price and the fear index have a negative effect. These empirical findings
suggest that during this period Bitcoin is procyclical, driven by investors’ interest on the
cryptocurrency and positively correlated to the market portfolio. In this period Bitcoin
follows the trend exhibited by financial markets and cannot be considered as an alternative
asset or safe haven.

We also fit the model to data from July 2010 to May 2019. The latter period is char-
acterized by a steep drop in price. Our econometric specification shows that the only
variable with power to explain the long-run dynamics of the cryptocurrency in this period
is Google Search, a variable that measures online interest in the cryptocurrency. The eco-

nomic and sentiment variables are not statistically significant. The permanent-transitory
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decomposition shows the robustness of the common factors for explaining Bitcoin’s effi-

cient price during this period. The main difference with respect to the previous period

is that the only factor that really contributes to explaining the efficient cryptocurrency

price is the factor that combines the Bitcoin price and Google Search. This variable can

be considered as a very good predictor of the future dynamics of the cryptocurrency.

Future research on the topic plans to extend the current empirical model by investigat-

ing some other tools such as Wikipedia search, newspaper news etc for explaining Bitcoin

price dynamics.
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Appendix

Table 1: Summary Statistics for the variables in the study.

Variables N Mean Standard Deviation Minimum Maximum Skewness Kurtosis
% Bitcoin Price 392 845 2,252 0.05 16,858 4.98 30.2
S S&P 500 Index 392 1,799 427 1,047 2,798 0.07 1.93
& Gold Price 392 1,364 191.3 1,049 1,855 0.75 2.43
2 Google Search 392 4.58 10.93 0 100 5.80 42.02
' Fear Index 392 -1.06 0.33 -1.58 -0.081 0.54 2.51
o Bitcoin Price 461 1,685 3,003 0.05 19,086 2.39 9.12
§ S&P 500 Index 461 1,942 523 1,048 2,943 0.15 1.92
< Gold Price 461 1,352 181 1,056 1,897 0.98 2.96
S Google Search 461 5.82 10.8 0 100 5.02 35.2
' Fear Index 461 -1.00 0.33 -1.53 0.001 0.64 2.76

28



0°60L% LLet 60°0 LTO| ¥10 | %20 | 610 60 | dd G
6'9692 6190 120 | 600 | G20 | €20 010 | AaV g
0°20.% L9¢ T 210 LTO| ¥I°0 | ¥€0 | 8T0 920 | d-d ¥
6769 0190 ¢c0 | 010 | 1€0 [ 920 LT0 | AV ¥
0'T0.L¢ 08¢ T 20°0 LTO| ¥T°0 | ¥€0 | LT 80 | d-d €
L7189¢ 979 0 LT0 | 110 | %20 12°0 120 | AQV 3
0'889¢ 0¢er T 5070 LTO | ¥T0 | ¥€0 | 910 820 | d-d 8
€'TLIT VrL O €0 | ¢I0 | 250 | 020 120 | AaV ¢
7' 7€9¢C SRS €00 8T'0 | ¥10 | €20 | 8TI0 0£0 | dd I
67193 8280 020 | €10 | Sr0 | $20 00 | AdV I

M-S0 | So1sIIRS P0Ri], 1e9y] | 93009 | PIOD | 00§ NS | Uloong
(1=xurer : Of) 189, uesueyor | (U100 ou : Ofy)Ie8ueIn)-o[3uy 1897, 100y u uored sdiiyg pue JqV sger|

"QT0C Arenuef 0} 010 A woij porrod
9} I0A0 s90LId JO SOLIOS oW} O I0J $1S9) UOIIRISOIUIOD PUR JOOI JIUN JUSIHPIP 0) Suipuodsor1od pojtodor ore sonfea-J :g o[qrR],

29



Table 3: Lagrange Multiplier Test for Autocorrelation of the errors vector error correction
representation (1) with one lag for the sample covering the period July 2010 to January
2018.

Lag chi2 df Prob>chi2
33.7 25 0.11
31.4 25 0.17
22.7 25 0.59
30.5 25 0.20
23.7 25 0.53

Uk~ W N+~

Table 4: Residual heteroskedasticity test for the vector error correction representation (1)
with one lag for the sample covering the period July 2010 to January 2018.

Chi-sq df Prob.
No Cross Term 547.6 180 0.00
With Cross Term 1003.7 405 0.00

Table 5: Parameter estimates corresponding to the Gonzalo-Granger Permanent-
Transitory Decomposition for the analysis of Bitcoin. The sample period comprises weekly
data from July 2010 to January 2018. Left panel reports the parameters of the matrix o |
in (6) and the right panel reports the parameters of the matrix A; in (7).

o Aj loadings
0.041 -0.038 0.921 -0.042 || 1.009 -0.934 0.681 -0.250
0.998 0.001 -0.027 0.001 | 0.893 0.098 -0.001 0.023
0.001 0.998 0.025 -0.001 || 0.099 0.907 0.001 -0.022
-0.027 0.025 0.385 0.028 || -2.360 2.183 0.964 0.529
0.001 -0.001 0.028 0.998 | 0.109 -0.101 0.001 0.975
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Table 6: Parameter estimates corresponding to the Gonzalo-Granger Permanent-
Transitory Decomposition for the analysis of Bitcoin. The sample period comprises weekly
data from July 2010 to May 2019. Left panel reports the parameters of the matrix o, in
(6) and the right panel reports the parameters of the matrix A; in (7).

o Ay loadings
-0.013  -0.28 0.929 -0.078 || -0.153 -0.329 0.879 -0.249
0.999 -0.0002 0.008 -0.0007 || 0.994 -0.011 0.007 -0.007
-0.0002 0999 0.019 -0.001 || -0.011 0.975 0.015 -0.015
0.008 0.019 0.363 0.053 0.373 0.800 0.493 0.497
-0.0007 -0.001 0.053 0.995 | -0.031 -0.067 0.042 0.957

Table 7: Fama-French three-factor models with monthly data covering the period July
2010 to January 2018. 7p; denotes the return on Bitcoin prices, 75;, denotes the return
on the fundamental value of Bitcoin and pp;; — pjp;; denotes the transitory component
og Bitcoin prices. Mkt denotes the market portfolio and ry is the risk-free rate. SMB
stands for the small-minus-big portfolio and HML stands for the high-minus-low portfolio.
Robust p-values are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Variables TBit —To Thi —To (PBit — Phi) — To
Mkt-rg 0.434 0.635 -0.259
(0.347) (0.105) (0.533)
SMB -0.266 0.337 -0.584
(0.698) (0.642) (0.372)
HML -0.871 0.068 0.996
(0.193) (0.903) (0.129)
Constant 2.749%** 9 543FH* 21.448***
(0.000) (0.001) (0.000)
Observations 389 389 389
R-squared 0.005 0.009 0.011
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Figure 1: Dynamics of the Bitcoin Prices and Google Search associated with Bitcoin from
July 2010 to May 2019.
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Figure 2: Dynamics of the pair (Y}, Y;) for the time series of Bitcoin and Google Search
using decomposition (7). The time series Y,* are obtained from the system with four
common factors. The sample spans the period from July 2010 to January 2018.
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Figure 3: Dynamics of the pair (Y;*,Y;) for the time series of Bitcoin and Google Search
using decomposition (7). The time series Y,* are obtained from the system with four
common factors. The sample spans the period from July 2010 to May 2019.
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