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Abstract
In this paper, we analyze the relative impact of attention measures either on the mean
or on the variance of Bitcoin returns by fitting nonlinear econometric models to his-
torical data: Two non-overlapping subsamples are considered from January 1, 2012,
to December 31, 2017. Outcomes confirm that market attention has an impact on
Bitcoin returns and volatility, when measured by applying several transformations on
time series for the trading volume or the SVI Google searches index. Specifically, best
candidatemodels are selected via the so-calledBox–Jenkinsmethodology and bymax-
imizing out-of-sample forecasting performance. Overall, we can conclude that trading
volume-related measures affect both the mean and the volatility of the cryptocurrency
returns, while Internet searches volume mainly affects the volatility. An interesting
side finding is that the inclusion of attention measures in model specification makes
forecast estimates more accurate.
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1 Introduction

Bitcoin is a digital currency, built on a peer-to-peer network and on the blockchain,
a public ledger where all transactions are recorded and made available to all nodes.
Opposite to traditional banking transactions, based on trust for the counterparty, Bit-
coin relies on cryptography and on a consensus protocol for the network. The entire
system is founded on an open-source software created in 2009 by a computer scien-
tist known under the pseudonym Satoshi Nakamoto, whose identity is still unknown.
Hence, Bitcoin is an independent digital currency, not subject to the control of any
central authority; furthermore, transactions in the network are pseudonymous1 and
irreversible.

Bitcoin, altcoin2 and the underlying blockchain technology have gainedmuch atten-
tion in the last few years. Research on Bitcoin often deals with cyber-security and
legitimacy issues such as the analysis of double spending possibilities and other cyber-
threats; recently, high returns and volatility have attracted research toward the analysis
of Bitcoin price efficiency, such as Almudhaf (2018); Urquhart (2016); Nadarajah and
Chu (2017), as well as its price dynamics. Within the latter branch of research, a non-
exhaustive list is Kristoufek (2013, 2015); Bukovina and Martiček (2016); Dyhrberg
(2016); Ciaian et al. (2016); Katsiampa (2017); Cretarola et al. (2018); Blau (2017).
Among quoted papers, many contributions claim that Bitcoin price is driven by atten-
tion or sentiment about the Bitcoin system itself. Possible driving factors are the
volume of Google searches, of Wikipedia requests (Kristoufek 2013) or more tradi-
tional indicators such as the volume of transactions (Kristoufek 2015). In Bukovina
and Martiček (2016), sentiment data are obtained from http://sentdex.com/, an online
platform specialized on natural language processing algorithms to deliver a positive,
neutral or negative feeling about a specific topic. The dependence of Bitcoin price
on investors’ attention is also investigated in Ciaian et al. (2016) where the authors
analyze the dependence of Bitcoin price on several market forces jointly: supply and
demand for Bitcoins, some variables related to global macroeconomic and financial
development such as stock market indices and oil price, and several attractiveness fac-
tors. Specifically, they measure attractiveness of Bitcoin by means of the number of
Wikipedia inquiries on the topic, the number of new users and the number of posts in
the online forum https://bitcointalk.org/. By estimating vector autoregressive and vec-
tor error correction models, they find that such variables are significant in explaining
Bitcoin prices. As for more traditional attention measures, note that in Blau (2017) a
time series model is introduced in order to identify the dynamic relation between spec-
ulation activity and price: Bitcoin returns are regressed against a demeaned measure
of trading activity, following the idea in Llorente et al. (2002), and regression errors
are modeled as a standard GARCH(1,1) process to account for heteroscedasticity.
Models within the GARCH family have also been applied to describe the dynamics
of Bitcoin returns and volatility in Dyhrberg (2016); Katsiampa (2017), but neither
attention nor sentiment is taken into account in the above settings. Differently from

1 The term pseudonymous, rather than anonymous, is meant to stress the fact that sender and receiver
addresses as well as currency amounts of all transactions recorded in the blockchain are completely dis-
closed, though the physical identities of the users are unknown.
2 Altcoin is the term commonly used for cryptocurrencies other than Bitcoin.
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Does market attention affect Bitcoin returns and volatility? 137

previous contributions, we investigate whether and to which extent market attention
influences the dynamics of Bitcoin, either in the mean returns or in their volatility. To
this end, we measure Bitcoin attractiveness both by a classical measure of attention
such as the total trading volume in the market and, as suggested in Da et al. (2011),
by the Search Volume Index (SVI) provided by Google; the latter is particularly suit-
able in this framework since Bitcoin is an Internet-based digital currency and Internet
users commonly collect information through a search engine such as Google. With
a different goal, Google trends data are also used by Yelowitz and Wilson (2015)
to distinguish the characteristic of Bitcoin users. It is worth noticing that Urquhart
(2018) investigates the relationship between Bitcoin returns, its trading volume and
the SVI Google index, with a complementary approach to ours. In Da et al. (2011),
the authors also find strong evidence that SVI captures the attention of retail investors:
“the search volume is likely to be representative of the Internet search behavior of
the general population and more critically, search is a revealed attention measure: if
you search for a stock in Google, you are undoubtedly paying attention to it. There-
fore, aggregate search frequency in Google is a direct and unambiguous measure of
attention.” Indeed, we believe that many of the retail investors in Bitcoin, especially
after its steady increase in value, enter the market for speculation purposes and their
positions in the Bitcoin and cryptocurrency market depend heavily on the news in the
media and on tweets by well-known investors or experts; their information on Bitcoin
characteristics may be based and fed by performing Internet searches as argued in Da
et al. (2011). Such investors may be responsible for noisy behavior of Bitcoin and
have strongly contributed to increase its volatility over time.

In order to test for the impact of attention on Bitcoin returns, we estimate several
time series models where the trading volume and the SVI Google index (suitably
transformed) are taken as explanatory factors. Overall, we find evidence that Bitcoin
returns are affected by market attention and, within this framework, we are able to
assess best candidate models for the analyzed datasets by means of the so-called Box–
Jenkins procedure. Outcomes show that the trading volume affects both the mean of
Bitcoin returns and their volatility while the SVI Google index is significant in the
conditional variance of returns and, in few cases, weakly significant in the mean. An
out-of sample analysis is also carried out in order to test the forecasting performance
of selected models and to choose the best alternative. In this respect, we found that the
inclusion of attention measures in model specification makes forecasts more accurate.
The rest of the paper is structured as follows. In Sect. 2, we describe the data and we
introduce the family of alternativemodels for theBitcoin price dynamics; in Sect. 3, we
present the model selection methodology; and in Sect. 4, we sum up all the empirical
findings. Section 5 is devoted to concluding remarks and to draw some directions for
future investigations.
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138 G. Figá-Talamanca, M. Patacca

Fig. 1 The evolution of the mean daily trading volume computed on rolling windows of length n =
{180; 270; 360} days and considering a time span ofm = 15 days between consecutive overlapping samples

2 Bitcoin price modeling

2.1 Data

Weconsider daily data for the average price ofBitcoin acrossmain exchanges, obtained
by https://blockchain.info/, from January 1, 2012, to December 31, 2017, and, in order
to account for time variability, two non-overlapping subsamples. In Fig. 1, we plot the
evolution of the mean daily trading volume computed on rolling windows of length
n = {180; 270; 360} days; in order to have smoother graphs, we consider a time span
of m = 15 days between consecutive samples. Note that, for all cases, there is a
change in the mean volume trend, from a sharp decrease to a sudden increase, around
the end of 2014 and the beginning of 2015. Hence, we decide to split our dataset at the
beginning of this new phase3 of Bitcoin history. By choosing to split the data exactly
on January 1, 2015, we also end up with subsamples of same three years of length,
from January 1, 2012, to December 31, 2014, and from January 1, 2015, to December
31, 2017.

In Fig. 2, we plot Bitcoin prices and returns and in Table 1 the corresponding
descriptive statistics for the three periods.

Both descriptive statistics and Jarque–Bera test p values, reported in Table 1, evi-
dence strong non-normality of returns across the whole time series as well as the two
subsamples.

In Fig. 3, we plot the autocorrelation and the partial autocorrelation functions of the
Bitcoin logarithmic returns for the three time series, respectively; a significant serial
dependence structure is evidenced both in the whole time series and in the first period
under investigation, while it is reduced in the last time interval.

3 The reason for this change is beyond the scope of this paper though it gives a motivation for the selection
of the two subsamples.
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Does market attention affect Bitcoin returns and volatility? 139

Fig. 2 Bitcoin prices and logarithmic returns data from January 1, 2012, to December 31, 2017 (top), from
January 1, 2012, to December 31, 2014 (bottom left), and from January 1, 2015, to December 31, 2017
(bottom right)

Table 1 Summary statistics of
daily returns

2012–2017 2012–2014 2015–2017

Min. − 0.4783 − 0.4783 − 0.2686

Q1 − 0.0101 − 0.0130 − 0.0079

Median 0.0020 0.0011 0.0027

Mean 0.0036 0.0038 0.0035

Q3 0.0180 0.0186 0.0179

Max. 0.3590 0.3590 0.2466

SD 0.0457 0.0525 0.0377

Skewness − 0.7615 − 0.9469 − 0.1688

Kurtosis 20.2346 20.3505 10.9297

JB test p value 0.0000 0.0000 0.0000

2.2 Models

The serial dependence evidenced in Fig. 3 suggests that the dynamics ofBitcoin returns
may be described within the autoregressive moving average (ARMA) models. Since
we are interested in the effect of market attention on Bitcoin returns, we augment the
model specification with an explanatory process representing a proxy for attention.
We consider all the possible constrained and unconstrained ARMA(p,q) specifications
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140 G. Figá-Talamanca, M. Patacca

Fig. 3 Autocorrelation function (on the left) and partial autocorrelation function (on the right) for Bitcoin
logarithmic returns: 2012–2017 (top), 2012–2014 (center), 2015–2017 (bottom)

for p, q ∈ {1, 2, . . . , 7} though in the numerical exercise we found no evidence to go
beyond an ARMA(2,2) specification. Usual notation for such augmented model is
ARMA(p,q)-X which we will use throughout the paper.

Figure 2 clearly shows heteroscedasticity of returns in all the analyzed time periods.
In order to take into account this feature, the error process ε = {εt , t ≥ 0} in (1) is
modeled within the GARCH family. Again, we fit a GARCH model on the Bitcoin
returns time series, by including an explanatory variable representing market atten-
tion also in the conditional variance equation, denoted by GARCH-X. Several model
specifications are available within this framework; we believe that outcomes will not
differ substantially from a qualitative viewpoint so we focus on two examples, the
standard GARCH and the Exponential GARCH models; for the sake of parameter
parsimony, we consider the simple GARCH(1,1)-X and EGARCH(1,1)-X as possible
specifications for the conditional variance.

Summing up, we describe Bitcoin returns with

Rt = a0 +
p∑

i=1

ai Rt−i +
q∑

j=1

b jεt− j + cXt−1 + εt (1)

where ε = {εt , t ≥ 0} is the error process, X = {Xt , t ≥ 0} is the attention-related
explanatory variable and a0, ai , b j , c, for i, j = 1, 2, . . . , 7 are model parameters.

123



Does market attention affect Bitcoin returns and volatility? 141

Nested models are also fitted, by setting some of the parameters to 0. The simple
linear regression (LR) corresponds to the choice ai = b j = 0, for i, j = 1, 2, . . . , 7.
Notably, the case c = 0 will be a benchmark when analyzing the relevance of the
attention factor in Eq. (1).

The error term in Eq. (1) is given by εt = √
htηt , where η = {ηt , t ≥ 0} is a

Gaussian noise and ht is the so-called conditional variance modeled as

ht = α0 + α1ε
2
t−1 + β1ht−1 + γ Xt−1 (2)

or

log ht = α0 + α1ηt−1 + β1 log ht−1 + λ
(|ηt−1| − E

[|ηt−1|
]) + γ Xt−1 (3)

for the GARCH and EGARCH model, respectively. Again, nested models are also
estimated by suitably binding some of parameters to zero. Specifically, benchmark
models will be the ones where γ = 0, when analyzing the effect of the attention
variables in Eqs. (2) and (3), respectively.

When discussing the empirical results, we will refer, respectively, to Eqs. (1) and
(2) (or (3)) as mean equation and variance equations describing Bitcoin returns.

3 Methodology

3.1 Market attention variables

The explanatory variables representing market attention are based on two sources
of data: the total volume of transactions in Bitcoins, provided by https://blockchain.
info/, and the adjusted volume4 of Internet searches, the SVI Google index, delivered
by https://trends.google.com/trends/. Denoting with A the available time series, we
consider alternative transformed variables X1 := log(A), X2 := Δ log(A) and X3 :=
|X2|. Since the volume traded and volume searches have very high values with respect
to returns, the logarithm transformation is applied5; though expressed in logarithmic
scale, we will refer to variable X1 as to the level of attention throughout the paper. The
difference variable is considered to understand whether the variation affects Bitcoin
more significantly than the attention level; finally the third variable is accounted for in
order to investigate whether either the magnitude or the sign of changes is more likely
to affect Bitcoin returns.

In Fig. 4, we plot the trading volume and the SVI Google index, both in logarithmic
scale, and in Table 2, we sum up the corresponding descriptive statistics for three
samples. In order to check for stationarity, we perform the Augmented Dickey Fuller

4 It is worth noticing that Google Trend provides time series of the SVI with maximum length related to
the observation frequency. In order to have a long series of daily SVI values we had to merge contiguous
series by uploading data for overlapping periods and building a proper algorithm to scale the observations
accordingly.
5 If not scaled, the estimated coefficients in Eqs. (1), (2) and (3) would be negligible, though statistically
significant.
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142 G. Figá-Talamanca, M. Patacca

Fig. 4 Bitcoin trading Volume (top) and Google Searches Volume Index (bottom) observed from January
1, 2012, to December 31, 2017 (top), from January 1, 2012, to December 31, 2014 (bottom left), and from
January 1, 2015, to December 31, 2017 (bottom right), in logarithmic scale

test for both attention measures6; the p values of the tests are reported in the last row
of Table 2. It is worth noticing that the volume of transactions is stationary with a
nonzero mean, for all the time series considered; the SVI Google index is stationary in
thewhole sample and in the first subsamplewhile it is stationary around a deterministic
trend in the second subsample. In order to avoid any issues in the estimation procedure,
we detrend the SVI Google index when necessary.

3.2 Model selection procedure

In what follows, we apply the so-called Box–Jenkins model selection procedure (see
Rachev et al. (2007)) for a model selection among the model specifications nested in
Eqs. (1), (2) and (3), where the attention proxy Xt is replaced alternatively by X1t , X2t

and X3t . Second, models are ranked according to the Akaike and the Bayesian infor-
mation criteria (AIC and BIC). Finally, the null hypothesis of uncorrelated residuals
is tested by means of the Ljung–Box Q test, see Ljung and Box (1978), and the null of
homoscedasticity is verified via the Engle’s ARCH Test (see Engle (1982)); we also

6 We applied the function adftest.m provided in the Econometrics Toolbox of Matlab®. We use ‘ARD’
specification (autoregressive model with drift variant) for the volume in all different series while we use
‘AR’ specification (autoregressive model variant) for the SVI Google index in the whole series and 1st
subsample, and ‘TS’ specification (trend-stationary model variant) for the SVI Google index in the 2nd
subsample.
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Table 2 Summary statistics of attention variables

2012–2017 2012–2014 2015–2017

Vol. SVI Vol. SVI Vol. SVI

Min. 10.933 − 2.401 10.933 − 2.401 11.549 − 0.048

Q1 11.848 0.092 11.564 − 1.197 12.184 0.344

Median 12.165 0.403 11.879 0.195 12.327 0.526

Mean 12.088 0.430 11.842 − 0.090 12.334 0.951

Q3 12.364 0.945 12.140 0.590 12.490 1.227

Max. 13.143 4.605 12.871 2.730 13.143 4.605

SD 0.409 1.122 0.387 1.075 0.254 0.907

Skewness − 0.525 0.255 − 0.187 0.082 0.117 1.532

Kurtosis 2.911 3.640 2.356 2.088 3.137 4.793

ADF p value 0.001 0.005 0.005 0.002 0.002 0.005

apply the Ljung–Box Q test to the squared residuals, in order to detect possible serial
nonlinear dependence in the residuals. Tests are performed for several choices of the
maximum number of Lags.

As a preliminary analysis, we make sure that a simple linear model such as
ARMA-X is not suitable to describe Bitcoin returns. Indeed, residuals of all ARMA
specifications, considered according to the different transformed measures of atten-
tion, still exhibit heteroscedasticity. The empirical results of this preliminary exercise
are not reported in this paper but are available upon request.

We estimate the ARMA(p,q)-X specification in Eq. (1) with either GARCH(1,1)-X
or EGARCH(1,1)-X errors (Eqs. (2) or (3)) by including the same attention variables7

in both the mean and the variance equations and select the best performing models
in terms of the AIC and BIC values. Then, in order to have further insights on the
relevance of various transformations either on the mean or in the variance equation,
we fit all models when different transformed variables are included in the mean and
in the variance equations.

Note that, the estimation of the mean and variance equations is carried out jointly:
Specifically, we make use of the function ugarchfit provided by rugarch package
available in R software where estimates are obtained by applying the solnp solver,
under the assumption ofNormally distributed standardized errors (seeGhalanos 2014).

As a further selection tool among the best-ranked model according to the AIC, BIC
value andBox–Jenkins procedure,we apply an out-of-sample forecasting performance
analysis.

4 Empirical results

In this section, we present the empirical results for three time series of Bitcoin daily
returns: the whole series spanning from January 2012 to December 2017, the first

7 X2 is not used for the GARCH-X specification because it can take negative values.
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144 G. Figá-Talamanca, M. Patacca

subperiod from January 2012 to December 2014, and the second sample from January
2015 to December 2017. The numerical exercise is carried out by measuring the
attention variable Xt−1 included in Eqs. (1), (2) and (3) with suitable transformed
values of : (1) the trading volume only, (2) the SVI Google index only and (3) the
vector of both.

The main qualitative results are the following:

– The trading volume is significant both in the mean and in the variance of Bitcoin
returns: The best choice as explanatory variable for the mean equation is the level
of the trading volume in the first series and the trading volume change in the second
series; the best explanatory variable for the variance equation is the trading volume
change.

– The SVI Google index mainly affects the variance of Bitcoin returns: For the mean
equation, the best choice as explanatory variable is the attention level; the most
significant transformation in the variance equation is the SVIGoogle index change,
for the whole sample and the first subperiod, and the level for the second one.

– When both attention proxies are considered, the mean return is especially affected
by the level of the trading volume while the SVI has usually no-influence; con-
versely, the variance is weakly affected by the trading volume and strongly affected
by the SVI Google index.

– While the best ARMA specification varies with both the considered sample and
the selection criterion adopted, model selection for the variance equation leads
toward the EGARCH(1,1)-X dynamics across all considered cases but for the
second subperiod, for which the GARCH(1,1)-X is best ranked.

A possible economic interpretation of the above outcomes is that, while the trading
volume level may also affect the mean return of Bitcoin, the search for information,
measured in our exercise through the SVI Google index change, mainly influences its
volatility. This finding is consistent with the theory that Bitcoin market has attracted
investments from so-called noisy traders, raising information on the web, especially
in the more recent period where the SVI level also takes part in explaining the variance
of Bitcoin returns.

An alternative specification to Eqs. (1)–(3) is to consider market attention and
Bitcoin returns observed at the same t . Indeed, by repeating the same analysis within
this framework, we obtain analogous qualitative results, though best selections slightly
change.

However, considering the lagged attention variable in the model equations makes it
possible to pursue a forecasting performance analysis of competing model as a further
selection tool, which we tackle in Sect. 4.1.

In Table 3, we list the best models selected for the three considered time series,
according to the Akaike information and the Bayesian information criteria; attention is
measured, respectively, by the trading volume (Panel a), the SVI Google index (Panel
b) and the vector of both variables (Panel c), highlighted in bold. Note that the two
information criteria always agree in Panel b, when the Google SVI is considered.

In Table 4, the p values of diagnostics tests on model residuals are reported for
several values of the maximum lags number: The Ljung–Box Q test (Ljung and Box
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Table 4 Diagnostics for competing nonlinear models

Sub. Model Test p value

lag=5 lag=10 lag=15 lag=20

Panel a: best models using the trading volume

2012–2014 ARMA(0,1)-X2
vol

EGARCH(1,1)-
X2

vol

Q test 0.2472 0.1693 0.1054 0.0991

Q test sq. 0.6401 0.8779 0.9758 0.9969

Arch test 0.8999 0.9627 0.9941 0.9993

2015–2017 AIC ARMA(2,2)-X3
vol

GARCH(1,1)-X3
vol

Q test 0.0197 0.0070 0.0133 0.0221

Q test sq. 0.0198 0.1183 0.2222 0.2779

Arch test4 0.1022 0.2664 0.8274 0.8183

2015–2017 BIC ARMA(0,0)-X3
vol

GARCH(1,1)-X3
vol

Q test 0.0002 0.0005 0.0021 0.0043

Q test sq. 0.0115 0.0564 0.1024 0.1497

Arch test 0.0660 0.1435 0.6894 0.7100

2012–2017 AIC ARMA(2,2)-X1
vol

EGARCH(1,1)-
X2

vol

Q test 0.0000 0.0000 0.0000 0.0001

Q test sq. 0.0682 0.4632 0.6877 0.9182

Arch test 0.2512 0.7300 0.8573 0.9722

2012–2017 BIC ARMA(0,6)-X1
vol

EGARCH(1,1)-
X2

vol

Q test 0.0363 0.0879 0.0718 0.0540

Q test sq. 0.0612 0.4448 0.6752 0.9134

Arch test 0.2525 0.7257 0.8610 0.9753

Panel b: best models using the SVI Google Index

2012–2014 ARMA(0,1)-X1
svi

EGARCH(1,1)-
X2

svi

Q test 0.6949 0.6900 0.6801 0.6940

Q test sq. 0.7971 0.9235 0.9903 0.9991

Arch test 0.9641 0.9784 0.9976 0.9997

2015–2017 ARMA(0,0)-X1
svi

GARCH(1,1)-X1
svi

Q test 0.0613 0.0297 0.0550 0.0770

Q test sq. 0.0824 0.2689 0.2916 0.3505

Arch test 0.2801 0.4725 0.7866 0.7803

2012–2017 ARMA(0,6)
EGARCH(1,1)-
X2

svi

Q test 0.0127 0.0241 0.0120 0.0062

Q test sq. 0.2113 0.7478 0.9320 0.9927

Arch test 0.5379 0.9163 0.9812 0.9985
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Table 4 continued

Sub. Model Test p value

lag=5 lag=10 lag=15 lag=20

Panel c: best models using the trading volume and the SVI Google index jointly

2012–2014 AIC ARMA(0,1)-X1
EGARCH(1,1)-X2

Q test 0.8075 0.8343 0.8369 0.8365

Q test sq. 0.6758 0.8759 0.9835 0.9984

Arch test 0.9179 0.9604 0.9957 0.9996

2012–2014 BIC ARMA(0,1)-X1
vol

EGARCH(1,1)-X2

Q test 0.6553 0.7403 0.7462 0.7568

Q test sq. 0.6908 0.8821 0.9849 0.9985

Arch test 0.9254 0.9636 0.9962 0.9996

2015–2017 AIC ARMA(2,2)-X1
EGARCH(1,1)-X1

Q test 0.0174 0.0333 0.1148 0.1508

Q test sq. 0.0549 0.1671 0.2152 0.2593

Arch test 0.2015 0.3148 0.6770 0.6453

2015–2017 BIC ARMA(0,0)-X1
GARCH(1,1)-X1

Q test 0.1067 0.0554 0.1108 0.1549

Q test sq. 0.0881 0.3063 0.3699 0.4262

Arch test 0.2910 0.5189 0.8546 0.8373

2012–2017 ARMA(0,6)-X1
vol

EGARCH(1,1)-X2

Q test 0.0775 0.1444 0.1237 0.0895

Q test sq. 0.0962 0.5540 0.8544 0.9760

Arch test 0.3383 0.8093 0.9548 0.9948

p values of diagnostic tests on model residuals: Columns from left to right represent the period under
investigation, the model, the diagnostic test applied, the p values for several maximum lags in the test

1978) applied to both residuals and square residuals, and the Engle’s heteroscedasticity
Arch test (Engle 1982).

The outcomes are gathered in three separate panels, by considering the trading
volume, the SVI Google index or their vector, respectively, as alternative attention
measures.

By looking at Table 4, we can conclude that:

– When attention is measured by the trading volume only, Panel a, the candidate
models are suitable to explain both the serial dependence and the heteroscedasticity
evidenced in the first subsample and in the whole sample (for the BIC best model).
Yet, for the second subsample some residual serial dependence is displayed.

– When attention is measured by the SVI Google index, Panel b, the candidate
models are appropriate for the two subsamples but are not able to describe the
serial dependence found on the whole dataset.

– When thevector of both attentionvariables is considered, Panel c, candidatemodels
are able to explain both the serial dependence and the heteroscedasticity in the three
time series.
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Table 5 Forecasting RMSE

Sub. Model h =1 h =7 h =15 h =30

Panel a: best models for 2012–2014

Vol ARMA(0,1)-Xvol
2 EGARCH(1,1)-Xvol

2 0.004 0.045 0.103 0.081

SVI ARMA(0,1)-X svi
1 EGARCH(1,1)-X svi

2 0.005 0.045 0.102 0.080

Joint1 ARMA(0,1)-X1 EGARCH(1,1)-X2 0.005 0.044 0.102 0.080

Joint2 ARMA(0,1)-Xvol
1 EGARCH(1,1)-X2 0.006 0.045 0.102 0.081

Panel b: best models for 2015–2017

SVI ARMA(0,0)-X svi
1 GARCH(1,1)-X svi

1 0.027 0.058 0.061 0.074

Joint2 ARMA(0,0)-X1 GARCH(1,1)-X1 0.028 0.058 0.062 0.074

Panel c: best models for 2012–2017

Vol2 ARMA(0,6)-Xvol
1 EGARCH(1,1)-Xvol

2 0.042 0.061 0.063 0.075

Joint ARMA(0,6)-Xvol
1 EGARCH(1,1)-X2 0.042 0.061 0.063 0.075

Columns from left to right represent the subsample, the model, the RMSE considering different steps ahead.
1 Model chosen by AIC criterion. 2 Model chosen by BIC criterion

Candidate models which are not able to explain serial characteristics in the
data are excluded from our further investigation on out-of-sample performance:
namely the ARMA(2,2)-Xvol

3 GARCH(1,1)-Xvol
3 , ARMA(0,0)-Xvol

3 GARCH(1,1)-
Xvol
3 , ARMA(2,2)-X1 EGARCH(1,1)-X1 for the second subsample and the ARMA

(2,2)-Xvol
1 EGARCH(1,1)-Xvol

2 and ARMA(0,6) EGARCH(1,1)-X svi
2 for the whole

sample.

4.1 Forecasting performance

In order to evaluate the forecasting power of alternative model specifications, we
compute the daily difference between point model forecast and the corresponding
observed value, for one month ahead. We apply the function ugarchforecast, available
in the rugarch package for the R software (Ghalanos 2014), for computing h-steps
ahead forecasts.

An usual approach to compare the overall out-of-sample performance of candidate
models is to rank one-day-ahead point forecasts as well as the root-mean-square error
(RMSE) of forecasts computed for h = 7, 15 and 30 days ahead, defined by:

RMSE =
√√√√1

h

h∑

i=1

(
R̂i − Ri

)2
. (4)

In Table 5, the computed values are reported for competing models of previous
Box–Jenkins selection.

Outcomes in Table 5 evidence a similar forecasting ability of competing models;
hence, point forecast performance cannot further distinguish among selected models.
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Fig. 5 Bitcoin forecasted return and confidence intervals at 95% from January 1 to January 30, 2015, using
first subsample different competitor models: realized return (asterix line); ARMA(0,1) EGARCH(1,1)
without market attention variables (solid line); ARMA(0,1)-Xvol

1 EGARCH(1,1)-X2 (dashed line);

ARMA(0,1)-X1 EGARCH(1,1)-X2 (dotted line); ARMA(0,1)-X svi
1 EGARCH(1,1)-X svi

2 (dash-dot line);

ARMA(0,1)-Xvol
2 EGARCH(1,1)-Xvol

2 (plus sign line)

Fig. 6 Bitcoin forecasted return and confidence intervals at 95% from January 1 to January 30,
2018, using second subsample different competitor models: realized return (asterix line); ARMA(0,0)
GARCH(1,1) without market attention variables (solid line); ARMA(0,0)-X1 GARCH(1,1)-X1 (dashed
line); ARMA(0,0)-X svi

1 GARCH(1,1)-X svi
1 (dotted line)

In Figs. 5, 6 and 7, we plot point and interval forecasts for candidate model as
well as future real observations. In order to disentangle the relevance of attention
measures, we also plot the point and interval forecasts obtained for the corresponding
model specification where no attention variable is considered. Interval forecasts are
narrower in any of the considered time series and for all competing specification when
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Fig. 7 Bitcoin forecasted return and confidence intervals at 95% from January 1 to January 30, 2018,
using whole sample different competitor models: realized return (asterix line); ARMA(0,6) EGARCH(1,1)
without market attention variables (solid line); ARMA(0,6)-Xvol

1 EGARCH(1,1)-X2 (dashed line);

ARMA(0,6)-Xvol
1 EGARCH(1,1)-Xvol

2 (dotted line)

the SVI Google index is included in the market attention measure. This is consistent
with the finding of a strong significant impact of the SVI Google index in the variance
equation, as evidenced in Table 3.

It is worth noticing that all interval forecasts include most of the out of sample
observations from one day to one month ahead; interestingly, some of the model
specifications have narrower interval forecasts, evidencing the ability to provide same
forecasts with higher precision.

Finally, combining the results of the whole Box–Jenkins procedure with the above
findings, we can conclude that the overall best models are:

– ARMA(0,1)-X1
vol EGARCH(1,1)-X2 for the first subsample;

– ARMA(0,0)-X1
svi GARCH(1,1)-X1

svi for the second subsample;
– ARMA(0,6)-X1

vol EGARCH(1,1)-X2 for the whole period.

Table 6 finally exhibits the parameter estimates for the above selected models as
well as their standard error and the t test statistics and p value. Notably, nearly all the
coefficients of the trading volume and/or SVI Google index are strongly significant,
confirming that market attention affects Bitcoin returns and volatility.

In order to investigate the stability of parameters’ value over time, best selected
models are finally estimated on two- and five-year rolling windows, respectively, for
the two subsamples and the whole period; in both cases, we end up with one year of
parameter estimates which are plotted in Figs. 8, 9 and 10 .

From Figs. 8, 9 and 10, we can conclude that parameter estimates are quite stable
across the considered time span.
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Table 6 Parameter estimates of the best models

Estimate Std. error t value Pr (> |t |)

Panel a: 2012–2014, ARMA(0,1)-Xvol
1 EGARCH(1,1)-X2

a0 − 0.0926 0.0024 − 38.0433 0.0000

b1 0.1140 0.0323 3.5250 0.0004

c1 0.0079 0.0002 38.5993 0.0000

α0 − 0.1668 0.1227 − 1.3600 0.1738

α1 0.0158 0.0161 0.9803 0.3270

β1 0.9711 0.0201 48.2876 0.0000

λ 0.2117 0.0805 2.6303 0.0085

γ1 0.5861 0.2667 2.1975 0.0280

γ2 0.7853 0.2550 3.0797 0.0021

Panel b: 2015–2017, ARMA(0,0)-X1
svi GARCH(1,1)-X1

svi

a0 0.0027 0.0010 2.7806 0.0054

c1 − 0.0012 0.0018 − 0.6584 0.5103

α0 0.0001 0.0000 4.1263 0.0000

α2 0.2488 0.0335 7.4194 0.0000

β1 0.6787 0.0400 16.9890 0.0000

γ2 0.0001 0.0000 3.5498 0.0004

Panel c: 2012–2017 ARMA(0,6)-X1
vol EGARCH(1,1)-X2

a0 − 0.0660 0.0014 − 45.6517 0.0000

b1 0.0762 0.0200 3.8042 0.0001

b6 0.0597 0.0219 2.7197 0.0065

c1 0.0056 0.0001 46.3516 0.0000

α0 − 0.2187 0.0358 − 6.1165 0.0000

α2 − 0.0067 0.0123 − 0.5426 0.5874

β1 0.9628 0.0055 176.0732 0.0000

λ 0.2761 0.0258 10.6952 0.0000

γ1 0.6216 0.1963 3.1665 0.0015

γ2 0.8802 0.1901 4.6294 0.0000

Columns from left to right represent the parameter values, standard errors, t test statistics and p values

5 Concluding remarks

The increasing trend experienced by Bitcoin prices and its bubble behavior has pushed
the interest in the modeling of its returns. In Katsiampa (2017), the author compares
several GARCH specifications to describe Bitcoin returns and volatility; in Dyhrberg
(2016), a similar analysis is performed by adding some financial risk factors to the
mean equation, such as stock market indexes, fiat currency exchange rates and gold
spot and future prices. In this paper, we give further insights within the strand of the
literature which relates Bitcoin price and returns to market attention (see Kristoufek
(2013, 2015)) and sentiment (see Bukovina and Martiček (2016)) by investigating
whether attention factors do influence Bitcoin price dynamics; more precisely, we

123



152 G. Figá-Talamanca, M. Patacca

5102  yraunaJ4102  rebotcO4102  yluJ4102  lirpA4102  yraunaJ
-0.3

-0.2

-0.1

0

0.1

0.2

Mean Parameters
a

0
b

1
c

1

5102  yraunaJ4102  rebotcO4102  yluJ4102  lirpA4102  yraunaJ
-0.5

0

0.5

1

1.5

2
Variance Parameters

0

1

1
1

1
2

Fig. 8 Parameter estimates of the ARMA(0,1)-X1
vol EGARCH(1,1)-X2 model on 2-year rolling windows:

first subsample
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Fig. 9 Parameter estimates of theARMA(0,0)-X1
svi GARCH(1,1)-X1

svi model on 2-year rollingwindows:
second subsample

select best models within a family of ARMA(p,q)-X (E)GARCH(1,1)-X nonlinear
models where an attention-related explanatory variable is also included. Following
the suggestions in Kristoufek (2013, 2015), we use either the SVI Google index or the
trading volume of transactions to measure market attention and we compute several
related variables by applying proper transformations, such as the logarithm and the
first differences. Trading volume and SVI Google attention variables are alternatively
or jointly introduced as regressors in the model specification.

Model selection is performed by applying the Box–Jenkins procedure, Rachev et al.
(2007) and by performing a forecasting performance analysis of best candidates.
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Fig. 10 Parameter estimates of theARMA(0,6)-X1
vol EGARCH(1,1)-X2model on 5-year rollingwindows:

whole sample

The analysis is conducted for the time series of Bitcoin returns observed daily from
January 1, 2012, to December 31, 2017, and for two subsamples obtained by splitting
the whole dataset on January 1, 2015.

The overall picture which can be drawn by our results is that attention measures
do affect significantly both the conditional mean and the conditional variance of Bit-
coin returns and its inclusion as an explanatory factor within the considered models
improve both theAIC andBIC. In particular, when attention ismeasured by the trading
volume, the level is significant in the mean equation, whereas the difference variable
is significant in the variance term. For the SVI Google index, the attention change is
strongly significant in the variance term while its contribution on the mean return is
weakly significant but for few cases. This is consistent with our initial conjecture that
investors whose attention is represented by SVI Google index contribute significantly
to an increase in Bitcoin volatility rather than on its returns. In the case where the trad-
ing volume and the SVI Google index are considered jointly, the volatility of Bitcoin
returns is strongly influenced by changes in the trading volume and in the SVI Google
index while the mean return is mainly affected by the level of the trading volume. This
means that these attention measures are not redundant and add explanatory power if
both included in the model; this is also confirmed by the improvement of informa-
tion criteria in the joint case, with respect to the single explanatory cases. The author
in Urquhart (2018) applies vector autoregressive techniques and evidences, as a by
product, that the log SVI does not affect significantly Bitcoin log returns and realized
volatility for any of the three time series under investigation. Our results are consistent
with above findings concerning the whole time series and the first period, while in
the second subsample8 we find a positive dependence between the log SVI (X1 in
our notation) and Bitcoin returns; however, the methodologies and the models fitted

8 The subsamples in Urquhart (2018) largely overlap the two periods in our analysis so we discuss them
as if they were exactly the same.
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in this paper are much different from those in Urquhart (2018) and a clear-cut com-
parison is not feasible. It is our strong intention to investigate, in the next future, the
potential causality or reverse causality effect of market attention on Bitcoin returns
and volatility by applying a sound multivariate setting extending our approach. In
order to select overall best models for the three samples under study, we also per-
formed an out-of-sample forecasting analysis of the alternative specification provided
by the Box–Jenkins procedure. Interestingly, we noted that adding attention-based
explanatory variables makes model forecasts more accurate.

Further researchwill address possible financial implications of our findings:Among
many, we would like to investigate whether the inclusion of attention measures in the
above model specifications do improve the performance of capital allocation risk
measures, such as value at risk.
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