
Vol.:(0123456789)

Journal of Industrial and Business Economics (2020) 47:71–91
https://doi.org/10.1007/s40812-019-00133-x

1 3

Disentangling the relationship between Bitcoin and market 
attention measures

Gianna Figà‑Talamanca1   · Marco Patacca2 

Received: 17 February 2019 / Revised: 6 August 2019 / Accepted: 12 August 2019 / 
Published online: 23 August 2019 
© Associazione Amici di Economia e Politica Industriale 2019

Abstract
In the last few years Bitcoin price dynamics has been the subject of intense research. 
One of the main stream of investigation is the identification of relevant factors 
affecting its returns and volatility; empirical evidence suggests a positive association 
between returns and sentiment proxies about the Bitcoin network, such as Wikipedia 
inquiries, internet search intensity on the topic, trading volume in main exchanges 
or sentiment measures obtained via natural language processing algorithms applied 
on specialized forums comments or social media posts on the theme. In this paper 
we investigate the association of trading volume and internet search intensity with 
Bitcoin returns and volatility, complementing the outcomes in Figá-Talamanca and 
Patacca (Decis Econ Fin ISSN: 1129-6569, https​://doi.org/10.1007/s1020​3-019-
00258​-7, 2019) and Urquhart (Econ Lett 166:40–44, ISSN: 0165-1765, https​://doi.
org/10.1016/j.econl​et.2018.02.017, 2018): we find no direct relationship between 
the two market attention measures and returns while both the trading volume and the 
internet search intensity affect positively Bitcoin volatility. Conversely, an increase 
in Bitcoin returns does increase both trading volume and internet search intensity, 
evidencing an inverse relationship between returns and attention measures. As a 
byproduct, we also detect a positive association between trading volume and the 
internet search intensity and no reverse relationship. Since market attention, espe-
cially internet search volume, do increase around relevant events and correspond-
ing news or announcements for the Bitcoin market, we also analyze whether and 
to which extent the above relationships change, after specific events are taken into 
account. Indeed, by applying two different approaches, we show that the relation-
ships may change significantly.
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1 � Introduction and literature review

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. 
Bitcoin relies on cryptography and on a consensus protocol for the network rather 
than on trust for the counter-party, as it happens in traditional banking transactions. 
The whole network is based on an open source software created in 2009 by Satoshi 
Nakamoto, whose real identity is still unknown. Bitcoin is not subject to the control 
of any central authority and transactions in the network are pseudonymous1 and irre-
versible; hence, Bitcoin is claimed by its creator(s) to be an independent currency.

The important question, on whether Bitcoin or altcoins2 should be considered 
as currencies, commodities, or investment vehicles, has been the subject of many 
economic papers, yet no conclusive answer has been given to date, see Yermack 
(2015), Baek and Elbeck (2015) and Gregoriou (2019). Besides, high returns and 
volatility have attracted research towards the analysis of Bitcoin price efficiency, 
such as Almudhaf (2018) and Urquhart (2016) and Nadarajah and Chu (2017). Yet, 
if cryptocurrencies are used to build investment portfolios, it is important to identify 
relevant factors affecting the dynamics of their prices and returns. This has been 
the subject of many papers in the last few years; a non-exhaustive list is Kristoufek 
(2013), Kristoufek (2015), Bukovina and Martiček (2016), Dyhrberg (2016), Ciaian 
et al. (2016), Katsiampa (2017), Blau (2017), Cretarola et al. (2018), Bistarelli et al. 
(2018), Ahn and Kim (2019), Cretarola et al. (2019), Mbanga (2019), Bistarelli et al. 
(2019) and Cretarola and Figà-Talamanca (2019).

Among the above quoted papers, several suggest a positive association between 
Bitcoin returns and sentiment proxies about the Bitcoin network. In Ciaian et  al. 
(2016) the authors find a significant dependence of Bitcoin price on various market 
forces jointly: supply and demand for Bitcoins, some variables related to global mac-
roeconomic and financial development such as Stock market indices and oil price, 
and attractiveness factors. 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​://bitco​intal​k.org/. By estimating 
Vector AutoRegressive and Vector Error Correction models, they find that such 
attractiveness variables are positively associated to an increase in Bitcoin prices.

In Bukovina and Martiček (2016) sentiment data are obtained from http://sentd​
ex.com/, an online platform specialized on natural language processing algorithms 

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  Altcoins is the term commonly used for cryptocurrencies other than Bitcoin.

https://bitcointalk.org/
http://sentdex.com/
http://sentdex.com/
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to deliver a positive, neutral or negative feeling about a specific topic. Similarly, Ahn 
and Kim (2019) employ textual sentiment analysis techniques to study the excessive 
price fluctuation in the cryptocurrency market. Their findings evidence that high 
volatility and jumps in Bitcoin prices are associated with investors’ attention and 
sentiment disagreement.

Moreover, many empirical papers prove that Bitcoin returns and volatility are 
affected by investor attention when measured by the volume of transactions or, alter-
natively, by the internet search volume on specific platforms like Google or Wikipedia 
(Kristoufek 2013, 2015; Figá-Talamanca and Patacca 2019). The choice of either the 
trading volume or the internet search intensity is not new to financial research; both 
measures have been already adopted in traditional financial stock markets as prox-
ies for the attention of investors. Indeed, the trading volume is a classical measure of 
attention for financial stocks; among others, Barber and Odean (2007), Gervais et al. 
(2001) and Hou et al. (2009) analyze the power of trading volume in predicting future 
price direction, traders buying behaviour and price momentum effects, respectively. 
Besides, the massive use of internet and internet based search engines have suggested 
the use of online search volume for specific keywords as a direct measure of atten-
tion, at least that of retail investors which are prone to look for information on the web 
rather that on more specialized journals; Da et al. (2011) point out: “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. Therefore, aggregate search fre-
quency in Google is a direct and unambiguous measure of attention”.

Since the quoted pioneering paper, the number of searches on online engines for 
specific keywords, such as the name or tag of a chosen stock, has become a key fac-
tor, together with the more traditional trading volume, in explaining the stock returns 
and volatility, see e.g. Chronopoulos et al. (2018) and Dimpfl and Jank (2016). An 
interesting application of internet based attention measures in the Forex market is 
given in Smith (2012), in which seven currency pairs are considered: the author 
show that Google search volume data for the keywords economic crisis + financial 
crisis, and recession are significantly related to a week-ahead volatility. Note that, 
the used keywords in this case are not directly related to the FX market.

The internet search volume should be especially suitable to measure investor 
attention for the cryptocurrency sector, since this asset class has risen thanks to the 
web. Further, the authors in Da et al. (2011) evidence a strong association between 
internet search volume intensity and small capitalization stocks; hence, due to the 
tiny exchange volume in the cryptocurrency asset class with respect to the finan-
cial stock market, we may expect a strong positive dependence between the Google 
Search Volume Index (SVI) and Bitcoin returns. The relationship between the trad-
ing volume, the SVI index and Bitcoin returns and volatility has been addressed spe-
cifically in Figá-Talamanca and Patacca (2019) and Urquhart (2018). In the former 
paper, the dependence between Bitcoin returns/volatility and both the total trading 
volume and the search volume intensity for the keyword “Bitcoin” is analyzed dur-
ing the sample period from January 2012 to December 2017. More precisely, the 
authors perform a model selection among several time series model specifications 
where the lagged trading volume and SVI Google index, suitably transformed, are 
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included among the explanatory factors: it is evidenced that the mean of Bitcoin 
returns is significantly and positively related to the trading volume level in the previ-
ous day and their conditional volatility is positively and significantly affected by the 
first differences of both the trading volume and the SVI index, again observed in the 
previous day.3 Moreover, taking into account attention measures in the model speci-
fication also makes forecasts more accurate.

A different approach is considered in the latter contribution, where the author 
investigates the relationship between the SVI Google index and Bitcoin returns4 
within a vector autoregressive (VAR) bi-dimensional model, estimated on daily 
times series ranging from August 2010 to July 2017. On the one hand, Urqu-
hart (2018) finds a consistent result with Figá-Talamanca and Patacca (2019) in that 
the SVI level observed in the previous day does not affect mean Bitcoin returns, 
yet it does when higher lags are taken into account; in addition, he shows that Bit-
coin lagged returns also affect the level of the SVI index, thus evidencing a bidi-
rectional causality, confirmed by the outcomes of the Granger causality test.5 On 
the other hand, he addresses a different yet complementary research question with 
respect to Figá-Talamanca and Patacca (2019) by modeling the vector of Bitcoin 
realized volatility and the SVI index;6 he proves that the SVI index level does not 
significantly affect Bitcoin volatility while the converse holds and the SVI level is 
Granger-caused by the realized volatility of Bitcoin returns. Differently from Figá-
Talamanca and Patacca (2019) and Urquhart (2018) does not consider the SVI first 
differences in his analysis.

In this paper we consider a VAR-EGARCH model setting, extending the approach 
in Figá-Talamanca and Patacca (2019), in order to analyze the relationship between 
Bitcoin and the two attention measures within a multivariate setting. Specifically, in 
order to investigate Granger causality and reverse causality among the three-dimen-
sional vector of Bitcoin returns, Bitcoin trading volume and the SVI index for the 
keyword “Bitcoin” are described by a three dimensional VAR model.7 Since it is not 
methodologically sound to build a multivariate linear model where returns and their 
volatility are jointly considered, the model is not augmented with the realized volatil-
ity. Instead, the time series of Bitcoin conditional variance, together with the vari-
ances of the trading volume and the SVI, are filtered by assuming EGARCH residuals 
in the VAR equation. If a significant association is found between any two variables, 
the Granger causality test is also applied to disclose the direction of the association.

3  When the time span is split in two non overlapping sub-samples of equal size outcomes are analogous 
for the first sub-period while the level of SVI is the only significant attention measure in the mean and 
volatility of Bitcoin.
4  See Urquhart (2018), Table  3, Model 3, where the vector of search queries (SQ) and returns (R) is 
considered.
5  When the time span is split in two non overlapping sub-samples outcomes are quite different since no 
causality is evidenced in any direction for the first sub-period while only reverse causality is detected in 
the second sub-sample.
6  See Urquhart (2018), Table 3, Model 1, where the vector of search queries (SQ) and realized Bitcoin 
volatility (RV) is considered.
7  For the sake of parsimony only one lag is considered for the three variables.
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Precisely, we test the following hypotheses: 

H1a	� The trading volume is positively associated with Bitcoin returns.
H1b	� The trading volume is positively associated with Bitcoin volatility.8
H2a	� The SVI index is positively associated with Bitcoin returns.
H2b	� The SVI index is positively associated with Bitcoin volatility.
H3	� The SVI index is positively associated with the trading Volume.

Overall, during the time period 2012–2018, the trading volume and the SVI level 
do not affect Bitcoin returns while a very strong negative reverse causality is evi-
denced. Indeed, a positive and significant dependence is found between both atten-
tion measures and Bitcoin volatility: an increase in the search intensity or in the 
trading volume do increase Bitcoin volatility.

However, internet search  volume increases substantially during days around 
important events: it may be the case that the positive relationship found between 
SVI and Bitcoin volatility is due to specific events related to the Bitcoin network, 
rather than to a direct association between the variables. To this extend, SVI may be 
interpreted as a mediator variable representing the indirect effect of relevant events 
on Bitcoin volatility.

Hence, we also verify the following hypothesis 

H4	� The SVI index mediates the relationship between Bitcoin volatility and rel-
evant events within the Bitcoin network/market.

Among important breakthrough events, we mention the arrest of the owner of 
Silk Road,9 the hack attack to Mt. Gox10 leading to its bankruptcy, the creation of 
new cryptocurrencies and the launch of Bitcoin futures in United States major mar-
ket exchanges.

In order to verify hypothesis H4 we adopt two approaches: first, we introduce a 
dummy variable explicitly in the model setting with unit value on dates where a rel-
evant event is recorded; then, alternatively, we split the sample according to break-
points selected by applying the methodology in Bai and Perron (1998, 2003).

We show that selected events do affect previous conclusions confirming our con-
jecture that SVI acts as mediator between important events and Bitcoin volatility.

Further, by focusing on seemingly disrupting events which induce structural 
changes in the time series of Bitcoin returns we are able to appreciate how the cau-
sality or reverse causality relation between market attention and Bitcoin returns var-
ies across sub-periods, see Table 15 for an overview of the outcomes.

8  Within the whole paper we treat variance and volatility (the variance square-root) as synonyms. 
Though they aren’t, the relationships under investigation is the same for both variables, being them posi-
tively related.
9  Silk Road was an online black market exchanging Bitcoins for drugs and other illegal goods.
10  Mt. Gox was a major exchange in the early years of Bitcoin lifetime.



76	 Journal of Industrial and Business Economics (2020) 47:71–91

1 3

The paper is organized as follows: in Sect. 2 we describe the model specification, 
in Sect.  3, after a preliminary data analysis, we address hypotheses H1–H3 while 
Sect. 4 is devoted to the assessment of the hypothesis H4. Finally, Sect. 5 gives some 
concluding remarks.

2 � Model specification

In order to answer our research questions, we consider a Vector AutoRegressive 
(VAR) model for the vector process �� = (rt, vt, st) where r, v and s , respectively 
denote Bitcoin returns, trading volume and SVI, possibly augmented with a dummy 
variables representing relevant events. The full model specification is given by

where μ = (�r,�v,�s) is a vector of intercepts , � is the coefficients matrix11 and 
�t = (�r

t
, �v

t
, �s

t
) is the error process; It is a dummy variables which takes unity values 

on selected events dates as listed in Table 4. To answer hypotheses H1a, H2a and H3 
the parameter � = (�r, �v, �s) , representing the coefficients of the dummy variable, is 
set to zero i.e. the dummy variable is included only to verify H4.

Since we also want to investigate the relationship between market attention 
and Bitcoin volatility, we assume that the VAR residuals are modeled through an 
EGARCH process,12 augmented with the market attention explanatory variables 
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iable above defined.

Precisely, we assume that �t = (�r
t
, �v

t
, �s

t
) , where the error terms �r

t
=
√
hrt �

r
t
 , 

�v
t
=
√
hvt �

v
t
, �s

t
=
√
hst�

s
t
 are described by following equations:

and

(1)�� = μ +���−� + ��� + ��

(2)
log hr

t
= �r0 + �r1�

r
t−1

+ �r log h
r
t−1

+ �r
(||�

r
t−1

|| − �
[||�

r
t−1

||
])

+ �rvVt−1 + �rsSt−1 + �rIt,

(3)
log hv

t
= �v0 + �v1�

v
t−1

+ �v log h
v
t−1

+ �v
(||�

v
t−1

|| − �
[||�

v
t−1

||
])

+ �vrRt−1 + �vsSt−1 + �vIt,

(4)
log hs

t
= �s0 + �s1�

s
t−1

+ �s log h
s
t−1

+ �s
(||�

s
t−1

|| − �
[
||�

s
t−1

||
])

+ �srRt−1 + �svVt−1 + �sIt

12  Since we are mainly interested in qualitative results it is beyond our aims to consider all possible 
GARCH specifications among the many possible choices; in addition, the EGARCH was selected as best 
model specification in Figá-Talamanca and Patacca (2019).

11  For the sake of comprehension we use the letters (r, v, s) related to the variables under investigation, 
instead of numerical subscripts; for instance �rs represents the coefficient of variable st in the equation 
describing the variable rt.
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with constant parameters �j0, �j1, �j , �j , �j and �ju , for j, u = r, v, s , describing the 
conditional variances of the three variables.13

The estimation of model parameters is performed in two steps: first we estimate 
the VAR model in (1), then we fit the EGARCH model specifications in (2)–(4) 
respectively on corresponding residuals.

An alternative approach would be to consider a full multivariate VAR-GARCH 
model, see among others Jeantheau (1998) and Ding and Engle (2001), where the 
error process is given by �t =

√
Ht�t , with Ht representing the conditional covari-

ance matrix and being �t a random vector of Gaussian noise. In Jeantheau (1998) the 
covariance matrix is decomposed into

where Dt = I �t , with �t ∶= (hr
t
, hv

t
, hs

t
) and I the identity matrix, and R is the con-

stant conditional correlation matrix; this model specification is known as extended 
constant conditional correlation model (E-CCC). This representation allows to write 
the conditional variances �t as a GARCH(p,q) model. For the simple GARCH(1,1) 
specification we may write

where � ∈ ℝ
𝕟 , A and B are N × N matrices, and ⊙ denotes the Hadamard product.14 

In Ding and Engle (2001) a more general framework is considered to model the 
reciprocal dependence within terms in the conditional variance matrix. However, 
both models would describe the mutual relationship between the conditional vari-
ances of (rr, vt, st) instead of measuring the influence of both attention levels (vt, st) 
on the variance of returns, which is under investigation in this paper. Hence, the 
application of the full multivariate VAR-GARCH model is not well suited for the 
scope of this research.

3 � Assessing the relationship between Bitcoin returns and volatility 
and market attention measures

The time series of Bitcoin daily prices15 and trading volume are downloaded from 
the website https​://block​chain​.info/ for the time period January 2012 to Decem-
ber 2018. The Google search volume index (SVI) is provided by Google through 
the website https​://trend​s.googl​e.it/trend​s/ and represents the relative volume of 
searches, from 0 to 100, for one or more queries in the Google browser and over a 
defined date range.16 It is computed daily as the ratio between the number of search 

(5)Ht = DtRDt,

(6)�t = 𝜔 + A 𝜖t−1 ⊙ 𝜖t−1 + B�t−1,

13  For the sake of comprehension we use the letters (r, v, s) related to the variables under investigation, 
instead of numerical subscripts; for instance �rv represents the coefficient of the variable vt in the equation 
describing the conditional variance hr

t
 of variable rt.

14  Given two m × n matrices U = (uij) and V = (vij) , the Hadamard product is defined as the m × n matrix 
of elementwise products U ⊙ V = (uijvij).
15  Closing price at 00:00 GMT.
16  The search volume can also be limited to specific countries.

https://blockchain.info/
https://trends.google.it/trends/
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queries and its maximum value within the considered time period, multiplied by 
100. In our case we downloaded the SVI time series for the word “Bitcoin”. It is 
important to remark that Googletrends provides daily observations for up to one 
quarter; in order to gather data for the whole period under investigation we need 
to download overlapping available time series for shorter periods and adjust data 
to recover the 0–100 values for a longer time series, by applying a suitable basis 
change of index numbers.

In Table 1 summary statistics are summed up for the three variables; both trading 
volume and SVI time series are transformed in logarithmic scale to reduce skewness 
and kurtosis. 

Outcomes in the table evidence that normality is rejected for Bitcoin returns as 
well as for attention measures, as the Jarque Bera (JB) test p value indicates. Sta-
tionarity of above variables is tested via the Augmented Dickey Fuller (ADF) test by 
applying the functions jbtest.m and adftest.m provided in the Statistics and Econo-
metrics Toolboxes of MatlabⓇ . The test outcomes show that Bitcoin returns are sta-
tionary while the trading volume and the Google SVI are stationary with a non-zero 
constant. In addition, the low correlation between the trading volume and the SVI 
index (0.028) guarantee the absence of possible multi-collinearity effects in model 
estimation.

The model specification in Sect.  2 is fitted to the daily time series of Bitcoin 
returns, trading volume and Google search volume intensity (SVI). Estimated coef-
ficients are reported as well as their standard deviation in Tables 2, 3, 4, 5 and 6. In 
order to assess their relative importance in the model specification we perform the 
standard t test for significance; the t stat and the p value of the test are also shown in 
the tables.

Table 2 report the estimation results for the VAR model when the dummy vari-
able is not included. By looking at this table we are able to verify hypotheses H1a, 
H2a and H3. Note that �rv,�rs are not significant while �vr and �sr are positive 
and significant. Hence, the trading volume and SVI do not affect Bitcoin returns 
which in turn do influence both the trading volume and the SVI levels. The Granger 

Table 1   Summary statistics r v s

Min. − 0.4783 10.5336 − 2.4013
Q

1
− 0.0110 11.7905 0.1754

Median 0.0018 12.1772 0.4796
Mean 0.0026 12.1315 0.6724
Q

3
0.0177 12.4905 1.6094

Max. 0.3588 13.7446 4.6052
St. dev. 0.0453 0.5010 1.2125
Skewness − 0.7579 − 0.3152 0.0821
Kurtosis 18.8074 2.8306 2.9433
JB-test p value 0.0010 0.0010 0.0010
ADF-test p value 0.0010 0.0010 0.0090
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Table 2   VAR(1) parameter 
estimates for the whole sample

*0.05, **0.01, ***0.001, ****0.0001

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

r ∼

 �r − 0.0309 0.0216 − 1.4300 0.1527
 �rr 0.0711 0.0197 3.6060 0.0003 ***
 �rv 0.0028 0.0018 1.5520 0.1208
 �rs − 0.0004 0.0007 − 0.4760 0.6341
v ∼

 �v 2.6201 0.1485 17.6390 0.0000 ****
 �vr 0.4233 0.1355 3.1250 0.0018 **
 �vv 0.7843 0.0122 64.0770 0.0000 ****
 �vs − 0.0051 0.0051 − 1.0020 0.3165
s ∼

 �s 0.3236 0.0789 4.1040 0.0000 ****
 �sr 0.1832 0.0719 2.5480 0.0108 *
 �sv − 0.0261 0.0065 − 4.0130 0.0001 ****
 �ss 0.9905 0.0027 368.7800 0.0000 ****

Table 3   EGARCH(1,1) 
parameter estimates for the 
whole sub-sample

*0.05, **0.01, ***0.001, ****0.0001

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

hr ∼

 �r0 − 0.1692 0.0279 − 6.0706 0.0000 ****
 �r1 − 0.0017 0.0101 − 0.1645 0.8693
 �r 0.9707 0.0042 230.1024 0.0000 ****
 �r 0.2525 0.0205 12.3313 0.0000 ****
 �rv 0.7412 0.0931 7.9595 0.0000 ****
 �rs 0.5156 0.1803 2.8599 0.0042 **
hv ∼

 �v0 − 0.0211 0.0006 − 34.8586 0.0000 ****
 �v1 − 0.0146 0.0022 − 6.6167 0.0000 ****
 �v 0.9910 0.0000 189086 0.0000 ****
 �v 0.0243 0.0011 22.8022 0.0000 ****
 �vr 0.2244 0.1262 1.7783 0.0754
 �vs − 0.0817 0.0975 − 0.8380 0.4020
hs ∼

 �s0 − 0.7511 0.2665 − 2.8186 0.0048 **
 �s1 0.1516 0.0283 5.3516 0.0000 ****
 �s 0.7938 0.0719 11.0371 0.0000 ****
 �s 0.3007 0.0505 5.9486 0.0000 ****
 �sr − 0.2949 0.4245 − 0.6948 0.4872
 �sv − 0.0069 0.0829 − 0.0835 0.9335
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tests confirm a reverse causality effect between both attention measures and Bitcoin 
returns. This finding is consistent with evidences in Urquhart (2018) and Figá-Tala-
manca and Patacca (2019), though a shorter time series is analyzed in the quoted 
papers.

In addition, differently than for returns of other financial assets, the autoregres-
sive coefficient �rr is also strongly significant; the autoregression coefficients are 
extremely significant also for the trading volume and the SVI levels.

As for hypothesis H3 we can conclude that the internet search  volume is 
strongly affected by the trading volume in Bitcoin while the converse is not true, 
as also reported in Urquhart (2018).

The second stage estimation outcomes are shown in Table  3 where coeffi-
cients for the EGARCH specification are summed up, again without including 
the dummy variable. By looking at the outcomes it is possible to check hypoth-
eses H1b and H2b for Bitcoin volatility.

Since �rv, �rs are positive and significant we argue that both the trading vol-
ume and the SVI index do affect Bitcoin returns variance, hence confirming H1b 
and H2b. No reverse causality is evidenced in this case. Again, these results are 
qualitatively consistent with findings in Figá-Talamanca and Patacca (2019) and 
in Urquhart (2018), despite a different specification of Bitcoin volatility in the 
latter.

Table 4   Selected events Date Event

01/01/2013 Ripple token launch
02/10/2013 Silk Road
05/12/2013 Bank of China ban
09/03/2014 Mt. Gox bankruptcy
18/04/2014 Monero token launch
11/12/2014 Microsoft allow Bitcoins
04/01/2015 Bitstamp hack
30/07/2015 Ethereum token launch
18/06/2016 DAO hack
09/07/2016 Mining rewards halve
01/08/2016 Bitfinex hack
18/11/2016 IRS-Coinbase
21/11/2016 Goldman Sachs leave R3 block-

chain consortium
02/06/2017 Russia announce for Cryptoruble
01/08/2017 Bitcoin Cash fork
24/10/2017 Bitcoin Gold fork
10/12/2017 CBOE futures
12/01/2018 Rumors Corea ban
26/01/2018 Coincheck hack
30/01/2018 Facebook announce ban ICO adv.
14/03/2018 Google announce ban ICO adv.
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4 � Detecting changes when relevant events are taken into account

In order to verify the hypothesis H4 we adopt two different approaches: first, we 
estimate the full specification model described in (1)–(4), then, alternatively, we 
split the sample according to breakpoints selected by applying the methodology 
in Bai and Perron (1998, 2003).

4.1 � Selection of relevant events

In order to define the dummy variable to be included in (1)–(4), we need to select 
events that may have affected the price or the volatility of Bitcoin. Of course, the 
identification of important events is arbitrary: we intentionally considered 3 events 
per year  (in mean) for a total of 21 events. Among possible relevant events: the 
launch date of altcoins, such as Ethereum and Ripple; reputational shocks in the 
overall system, such as the Silk Road owner arrest and the Bank of China ban; 
increased risk perception due to hacked exchanges, such as Mt. Gox, which then 
filed for bankruptcy, or other main exchanges; regulation announcements; protocol 
changes such as forks in Bitcoin blockchain. Further, events which may increase 
visibility and trust in Bitcoin and the whole cryptocurrency sector are included, 
such as the introduction of Bitcoin futures in established financial exchanges or 
announcements of Government backed tokens. Selected events occurred during the 

Table 5   VAR(1) parameter 
estimates for the whole sample 
when a dummy variable for 
relevant events is included in 
model specification

*0.05, **0.01, ***0.001, ****0.0001

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

r ∼

 �r − 0.0333 0.0216 − 1.5425 0.1229
 �rr 0.0710 0.0200 3.6176 0.0003 ***
 �rv 0.0030 0.0020 1.6773 0.0935
 �rs 0.0000 0.0010 − 0.4313 0.6663
 �r − 0.0380 0.0100 − 3.8131 0.0001 ***
v ∼

 �v 2.6162 0.1487 17.5935 0.0000 ****
 �vr 0.4060 0.1350 2.9977 0.0027 **
 �vv 0.7850 0.0120 64.0223 0.0000 ****
 �vs − 0.0040 0.0050 − 0.8613 0.3890
 �v − 0.0080 0.0680 − 0.1132 0.9099
s ∼

 �s 0.3259 0.0788 4.1369 0.0000 ****
 �sr 0.1880 0.0720 2.6225 0.0087 **
 �sv − 0.0260 0.0060 − 4.0581 0.0000 ****
 �ss 0.9900 0.0030 368.853 0.0000 ****
 �s 0.1150 0.0360 3.1777 0.0015 **



82	 Journal of Industrial and Business Economics (2020) 47:71–91

1 3

considered life span of Bitcoin are listed, together with corresponding reference 
dates, in Table 4.

To take into account the influence of above events on Bitcoin returns and volatil-
ity, a dummy variable is added to the usual VAR model specification as described in 
Sect. 2.

In Tables 5 and 6 estimations results are reported for the full specification case: 
the coefficients of the dummy variable in the mean ( �r ) and in the volatility ( �r ) 
equations are strongly significant and substantial in value.

In addition, the introduction of the dummy variable strongly reduces the magni-
tude and the significance of the coefficients of both attention measures. Precisely, 
the values �rv, �rs almost vanish and the former is no longer significant. Overall, it 
seems that the introduction of an indicator for relevant events strongly reduces the 
influence of market attention measures on Bitcoin volatility, supporting hypothesis 
H4. On the contrary, the introduction of the dummy variable has no effect on the 
variance of the two attention measures. 

Table 6   EGARCH(1, 1) 
parameter estimates for the 
whole sub-sample where an 
event related dummy variable is 
included

*0.05, **0.01, ***0.001, ****0.0001

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

hr ∼

 �r0 − 0.2432 0.1532 − 1.5878 0.1123
 �r1 0.0095 0.0124 0.7675 0.4428
 �r 0.9420 0.0080 118.5270 0.0000 ****
 �r 0.3369 0.0231 14.5857 0.0000 ****
 �rv − 0.0096 0.0117 − 0.8230 0.4105
 �rs 0.0099 0.0047 2.1012 0.0356 *
 �r 0.5122 0.1601 3.2002 0.0014 **
hv ∼

 �v0 − 0.0158 0.0006 − 27.6025 0.0000 ****
 �v1 − 0.0117 0.0017 − 6.8818 0.0000 ****
 �v 0.9934 0.0000 738959 0.0000 ****
 �v 0.0175 0.0011 16.1675 0.0000 ****
 �vr 0.1842 0.0801 2.2999 0.0214 *
 �vs 0.0011 0.0004 2.5802 0.0099 **
 �v − 0.0476 0.0518 − 0.9203 0.3574
hs ∼

 �s0 0.1830 0.1965 0.9313 0.3517
 �s1 0.1435 0.0270 5.3258 0.0000 ****
 �s 0.9076 0.0717 12.6608 0.0000 ****
 �s 0.2077 0.0836 2.4849 0.0130 *
 �sr 0.0318 0.4122 0.0770 0.9386
 �sv − 0.0428 0.0166 − 2.5845 0.0097 **
 �s 0.1848 0.1993 0.9273 0.3538
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4.2 � Selection of disrupting events

As an alternative method to address hypothesis H4, we investigate whether any 
breakthrough event occurred during the life time of Bitcoin, is able to change the 
relationships hypothesized in H1–H3.

This is done by formally looking for structural breaks in Bitcoin returns time 
series and by associating the statistical results to important events among those 
listed in Table 4. Once these breakthrough events are identified, the model specifica-
tion in (1)–(4), without including the dummy variable, is estimated in corresponding 
sub-samples.

The time series breakpoints are obtained by applying the function breakpoint.r 
available in the package strucchange for the open source R software Kleiber et al. 
(2002), based on Bai and Perron (1998, 2003).

The methodology identifies three breakpoints within the whole time series: 
November 4, 2013, September 23, 2016 and October 11, 2017. Though the exact 
dates cannot be immediately related to one of the events listed in Table 4, we can 
safely link the first breakpoint to a reputation break due to the Silk Road owner 
arrest and after the Central Bank of China banned the use of Bitcoin transac-
tions to domestic financial institutions. The second breakpoint is possibly related 
to regulatory issues, after intervention of the Internal Revenue Service (IRS) 
on US based Bitcoin Exchanges. Finally, the third breakpoint is clearly related 
to announcements on the forthcoming launch of Bitcoin futures in the Chicago 
Board Options Exchange (CBOE).

Four non-overlapping sub-samples are defined by the above breakpoints; for the 
sake of completeness we also report in Tables 7 and 8 basic summary statistics for 
the selected sub-samples of considered time-series.

In Table 8 descriptive statistics are summed up for the corresponding sub-sam-
ples of attention measures.

The augmented Dickey Fuller (ADF) tests are also reported in the tables: the trad-
ing volume is stationary with a non zero constant for all of the sub-samples while 

Table 7   Summary statistics of 
daily returns

1st sub. 2nd sub. 3rd sub. 4th sub.

Min. − 0.4783 − 0.2686 − 0.1767 − 0.2257
Q

1
− 0.0094 − 0.0117 − 0.0058 − 0.0201

Median 0.0020 0.0006 0.0055 0.0009
Mean 0.0056 0.0009 0.0054 − 0.0008
Q

3
0.0214 0.0135 0.0250 0.0203

Max. 0.3588 0.2307 0.2466 0.1978
St. dev. 0.0546 0.0399 0.0401 0.0452
Skewness − 1.4541 − 0.1445 − 0.2235 − 0.3146
Kurtosis 25.6519 11.1391 8.6314 6.4800
JB-test p value 0.0010 0.0010 0.0010 0.0010
ADF-test p value 0.0010 0.0010 0.0010 0.0010
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the SVI Google index is stationary for the first and second sub-samples and it is 
stationary around a deterministic trend in the third and fourth ones. We don’t expect 
any multicollinearity effect in the estimation, being the correlation of the trading 
volume and the SVI quite low across all samples.

Empirical results are fully reported only for the first and fourth sub-samples, 
see Tables  9, 10, 11, 12 and 13, while outcomes for the other cases are briefly 

Table 8   Summary statistics of attention variables

1st sub. 2nd sub. 3rd sub. 4th sub.

v s v s v s v s

Min. 11.04 − 2.40 10.58 − 0.05 11.48 0.32 10.53 1.36
Q

1
11.86 − 1.38 11.73 0.29 12.26 0.88 11.57 1.79

Median 12.11 − 1.00 12.20 0.42 12.46 1.23 11.79 2.08
Mean 12.12 − 0.67 12.14 0.57 12.46 1.40 11.85 2.32
Q

3
12.39 0.07 12.57 0.64 12.63 1.95 12.20 2.71

Max. 13.42 2.44 13.74 2.73 13.33 2.89 13.35 4.61
St. dev. 0.38 0.89 0.56 0.46 0.29 0.64 0.49 0.68
Skewness 0.08 0.72 − 0.33 1.93 − 0.01 0.20 0.08 1.07
Kurtosis 3.07 2.75 2.57 6.60 3.25 1.80 2.71 3.37
JB-test p value 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
ADF-test p value 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.009

Table 9   VAR(1) parameter 
estimates for the first sub-
sample

*0.05, **0.01, ***0.001, ****0.0001

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

r ∼

 �r 0.1214 0.0685 1.7730 0.0763
 �rr 0.1331 0.0382 3.4850 0.0005 ***
 �rv − 0.0095 0.0056 − 1.6980 0.0896
 �rs 0.0017 0.0024 0.6880 0.4912
v ∼

 �v 4.7903 0.3763 12.7320 0.0000 ****
 �vr 0.3503 0.2097 1.6710 0.0948
 �vv 0.6064 0.0308 19.6590 0.0000 ****
 �vs 0.0322 0.0132 2.4380 0.0148 *
s ∼

 �s − 0.0112 0.2774 − 0.0410 0.9677
 �sr 0.2620 0.1495 1.7530 0.0796
 �sv − 0.0004 0.0227 − 0.0170 0.9864
 �ss 0.9733 0.0094 103.0110 0.0000 ****
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discussed.17 In Table 11 we also display the p values of the Granger causality test, 
for each pair of variables within r, v, s, for the four sub-sample as well as the whole 
time period.

Note that, the attention variables do not influence Bitcoin returns in any of the 
sub-samples, being �rv and �rs non significant. Similarly, Bitcoin returns do not 
affect neither the trading volume nor the internet search intensity, being also �vr 
and �sr non significant. By looking at Table 11, we may conclude that no causal-
ity effects are present between market attention measures and Bitcoin returns, in 
any direction. Hence H1a and H2a do not hold, in any sign, when disrupting events 
are taken into consideration. In addition, the reverse causality found between SVI 
index and Bitcoin returns in the full time series seems to be due only to the third 

Table 10   VAR(1) parameter 
estimates for the fourth sub-
sample

*0.05, **0.01, ***0.001, ****0.0001

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

r ∼

 �r − 0.0650 0.0599 − 1.0850 0.2779
 �rr 0.0666 0.0473 1.4070 0.1595
 �rv 0.0054 0.0051 1.0720 0.2836
 �rs − 0.0027 0.0057 − 0.4710 0.6374
v ∼

 �v 3.9911 0.4544 8.7840 0.0000 ****
 �vr 0.2761 0.3590 0.7690 0.4420
 �vv 0.6630 0.0383 17.2970 0.0000 ****
 �vs 0.1966 0.0315 6.2350 0.0000 ****
s ∼

 �s 0.5539 0.2085 2.6570 0.0079 **
 �sr − 0.1143 0.1647 − 0.6940 0.4878
 �sv − 0.0467 0.0176 − 2.6530 0.0080 **
 �ss 0.9560 0.0198 48.2780 0.0000 ****

Table 11   p value of the Granger causality test

*0.05, **0.01, ***0.001, ****0.0001

Whole 1st sub. 2nd sub. 3rd sub. 4th sub.

v does not Granger cause r 0.1418 0.1162 0.0539 0.9955 0.3366
r does not Granger cause v 0.0026** 0.0856 0.0689 0.4352 0.5373
s does not Granger cause r 0.5486 0.7805 0.2209 0.1775 0.9453
r does not Granger cause s 0.0135* 0.0805 0.1290 0.0401* 0.4686
v does not Granger cause s 0.0001*** 0.0138* 0.0243* 0.1847 0.0265*
s does not Granger cause v 0.3625 0.9474 0.0020** 0.9025 0.0083**

17  Detailed results for all sub-samples are available upon request.
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sub-period under analysis, which corresponds to the period of exponential increase 
of the price of Bitcoin.

As for hypothesis H3, the SVI index and the volume are weakly or non related at all 
in the first and third sub-samples while a bidirectional causality effect, with opposite 
signs, is evidenced between the two attention measures in both the second and fourth 
samples. Such evidence is confirmed by the Granger causality test, see Table 11.  

As for Bitcoin volatility, Hypotheses H1b and H2b on Bitcoin volatility may be 
addressed by looking at Tables 12 and 13, where estimation results are summed up 
for the conditional variance in the first and the last sub-periods,18 respectively.

Outcomes show that in the first three periods the volatility of Bitcoin is signif-
icantly  affected by the SVI index while  the converse is nor true, thus  supporting 
hypothesis H2b. On the contrary, the level of the trading volume is not significant 
in Bitcoin variance while Bitcoin returns do influence the trading volume vari-
ance, hence hypothesis H1b is no longer valid within the sub-samples, but a reverse 
dependence is evidenced.

For the fourth sub-sample we find opposite results: indeed, the SVI is not signifi-
cant in explaining Bitcoin variance while returns are significant in the SVI variance 

Table 12   EGARCH(1, 1) 
parameter estimates for the first 
sub-sample

*0.05, **0.01, ***0.001, ****0.0001

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

hr ∼

 �r0 0.3893 0.6252 0.6228 0.5334
 �r1 0.0634 0.0248 2.5625 0.0104 *
 �r 0.9397 0.0224 41.8802 0.0000 ****
 �r 0.2444 0.0485 5.0434 0.0000 ****
 �rv − 0.0590 0.0446 − 1.3240 0.1855
 �rs 0.0635 0.0194 3.2677 0.0011 **
hv ∼

 �v0 − 0.0573 0.0000 − 183352 0.0000 ****
 �v1 − 0.0093 0.0002 − 42.4720 0.0000 ****
 �v 0.9776 0.0001 12187 0.0000 ****
 �v − 0.0699 0.0001 − 1142 0.0000 ****
 �vr 0.3038 0.0186 16.3155 0.0000 ****
 �vs − 0.0005 0.0000 − 37.0419 0.0000 ****
hs ∼

 �s0 3.7947 0.9774 3.8826 0.0001
 �s1 0.1251 0.0475 2.6324 0.0085 **
 �s 0.6553 0.0841 7.7906 0.0000 ****
 �s 0.2575 0.0698 3.6865 0.0002 ***
 �sr − 0.5781 0.7414 − 0.7798 0.4355
 �sv − 0.4030 0.0873 − 4.6171 0.0000 ****

18  Tables for the second and third sub-samples are not reported here but are available upon request.
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and returns; in addition, trading volume level affects Bitcoin variance, and Bitcoin 
returns affect the trading volume variance in a kind of mutual association.

It is worth noticing that the variance of the volume is also strongly affected by the 
SVI level in all sub-samples, differently from the whole sample case. This results 
show that hypothesis H3 holds when structural changes in the data are accounted 
for.

To further investigate the hypothesis H4, the values of the SVI coefficient �rs in 
(2), estimated on the full sample and the four sub-periods, are displayed in Table 14. 
It is fully confirmed that the SVI index acts as a kind of mediator variable between 
events and Bitcoin volatility, being all the values in the sub-samples lower than the 
corresponding estimates in the whole sample, less significant in the third sub-sample 
and not significant at all in the last period.

A summary on the validity of hypotheses H1–H3 in the whole sample and in 
the four sub-samples obtained by selecting breakpoint dates, is reported in Table 15. 
Though hypotheses statements are defined as direct positive associations within the 

Table 13   EGARCH(1,1) 
parameter estimates for the 
fourth sub-sample

*0.05, **0.01, ***0.001, ****0.0001

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

hr ∼

 �r0 − 0.7768 0.0000 − 19497 0.0000 ****
 �r1 − 0.0504 0.0001 − 354.4703 0.0000 ****
 �r 0.9823 0.0000 48969 0.0000 ****
 �r − 0.0705 0.0006 − 128.2985 0.0000 ****
 �rv 0.0552 0.0000 17431 0.0000 ****
 �rs 0.0014 0.0012 1.2011 0.2297
hv ∼

 �v0 − 0.0140 0.0000 − 3153.6 0.0000 ****
 �v1 − 0.0001 0.0000 − 167.9457 0.0000 ****
 �v 0.9944 0.0001 8453.1 0.0000 ****
 �v − 0.0593 0.0001 − 415.9622 0.0000 ****
 �vr − 0.4908 0.0001 − 6613.4 0.0000 ****
 �vs − 0.0072 0.0000 − 209.9874 0.0000 ****
hs ∼

 �s0 − 1.3083 0.3855 − 3.3934 0.0007 ***
 �s1 0.2667 0.0348 7.6714 0.0000 ****
 �s 0.8271 0.0007 1241.0 0.0000 ****
 �s − 0.0814 0.0275 − 2.9613 0.0031 **
 �sr − 1.7732 0.6985 − 2.5385 0.0111 *
 �sv 0.0529 0.0324 1.6339 0.1023

Table 14   SVI coefficients in 
Bitcoin returns conditional 
variance

*0.05, **0.01, ***0.001, ****0.0001

Whole 1st sub. 2nd sub. 3rd sub. 4th sub.

0.5156** 0.0635** 0.1964** 0.2182* 0.0014
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text, direct and reverse relationships assessments are displayed in the table for the 
sake of completeness; further, when a significant association is found (yes), its sign, 
positive (+) or negative (−), it is also reported.

5 � Concluding remarks

In this paper we contribute to the research on the relationship between market atten-
tion and Bitcoin returns and volatility. This is done by considering a multivariate 
VAR-EGARCH model setting, which is estimated in two steps. This approach gen-
eralizes the one in Figá-Talamanca and Patacca (2019) and is complementary to that 
in Urquhart (2018) where Bitcoin volatility is proxied by the so called realized vola-
tility, computed via intraday Bitcoin returns, and the SVI effect on other variables is 
measured individually. We find that neither trading volume nor SVI level affect Bit-
coin returns while a very strong negative reverse causality is evidenced between the 
SVI index and the trading volume. In addition, a positive and significant dependence 
is detected between both attention measures and Bitcoin volatility.

Since important events occurred during Bitcoin lifetime have possibly affected its 
price dynamics, they may have also influenced the relationships which are subject of 
our study. Important breakthrough events are, for example, the arrest of the owner of 
Silk Road, the hack attack, and following bankruptcy, of Mt. Gox, and the launch of 
Bitcoin futures in the CBOE.

Table 15   Summary of 
qualitative results

Hypotheses validity is determined for the whole time series under 
investigation and the four subsamples.
Direct and Reverse relationships are displayed: when a significant 
association is found (yes) it is also reported its sign: positive (+) or 
negative (−)

Whole 1st sub. 2nd sub. 3rd sub. 4th sub.

H1a
 Direct No No No No No
 Reverse Yes (+) No No No No

H1b
 Direct Yes (+) No No No Yes (+)
 Reverse No Yes (+) Yes (+) Yes (+) Yes (+)

H2a
 Direct No No No No No
 Reverse Yes (+) No No No No

H2b
 Direct Yes (+) Yes (+) Yes (+) Yes (+) No
 Reverse No No No No Yes (+)

H3
 Direct No No Yes (+) No Yes (+)
 Reverse Yes (−) No Yes (−) No Yes (−)
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Hence, we select a list of 21 relevant events and account for a dummy variable in 
the model specification, with unit value on corresponding dates; estimated parame-
ters confirm that the SVI index may be seen as a mediator variable between selected 
events and Bitcoin volatility.

In order to further investigate the dependence of the verified hypotheses H1–H3 
on specific events, we identify three structural breaks dates in the time series of Bit-
coin returns which may be attributed to reputation shocks, regulatory issues and to 
the launch of Bitcoin futures, proved to be disrupting events for the Bitcoin system. 
By splitting the whole time series accordingly, and estimating our model specifica-
tion on each sub-period separately, we are able to appreciate how the dependence 
between market attention and Bitcoin returns and volatility varies across different 
time spans. Table 15 summarizes hypotheses assessments across all sub-periods in 
comparison to the whole time series.

It would be interesting to investigate whether the introduction of event related 
dummies or breakpoints improves either the  forecasting performance or the com-
putation of risk measures within the considered models, by applying a conditional 
approach in line with Bellini and Figà-Talamanca (2007). These issues will be 
addressed in future research. Besides, events are selected arbitrarily in this study; an 
alternative approach, which deserves further study, is to rank events importance by 
counting the number of records for specific keywords/topics in the media.19
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