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Introduction
Bitcoin is a decentralized digit currency introduced in 2008 by Satoshi Nakamoto, who 
has thus far kept their real identity unknown. Recognized as the first established cryp-
tocurrency, Bitcoin, as distinct from traditional currency, has no central bank or single 
administrator. Bitcoin transactions are verified by network nodes through cryptography 
and recorded in a publicly distributed ledger called a blockchain. This attracts attention 
among individuals who lack confidence in the global financial system (Yermack 2015). In 
the short history of Bitcoin, the 2009–2012 period has been dubbed its early “proof-of-
concept” stage with limited transactions and prices under $20. Since 2013, Bitcoin has 
grabbed headlines in the financial news because of its rapid growth and dramatic fluc-
tuations. By the end of November 2013, a unit of Bitcoin was priced at more than $1,200, 
almost 100 times its value at the beginning of that year. In December 2013, the Chinese 
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government stepped in with strict regulations to steady the fast development of Bitcoin.1 
Subsequently, Bitcoin prices fell sharply and remained low until 2015. From 2016, block-
chain technology (Garcia et al. 2014; Xu et al. 2019) and massive market manipulations 
(Griffin and Shams 2018) fostered Bitcoin booms, with Bitcoin reaching its highest price 
of $19,783 on December 17, 2017. Thereafter, Bitcoin prices crashed because of addi-
tional regulations and bans implemented by worried governments.

There is extensive academic literature on Bitcoin trading. Several factors influencing 
Bitcoin prices have been identified, including general factors driving the supply–demand 
gap (e.g., Buchholz et al. 2012; Kristoufek 2015; Bouoiyour and Selmi 2015; Bouoiyour 
et al. 2016; Ciaian et al. 2016), and specific factors like investor attractiveness and macro-
finance development (Van Wijk 2013). Many studies have claimed that investor attention 
is a key factor affecting Bitcoin prices (see Kristoufek 2013; Zhang et al. 2018; Eom et al. 
2019; Yu et al. 2019; Dastgir et al. 2019). From a theoretical perspective, market atten-
tion affects prices in two ways. One is “category learning” where representative investors 
process more market and sector-wide information than firm-specific information due 
to limited attention (Peng and Xiong 2006; Peng et al. 2007). This biased constraint of 
information brings unexplained anomalous market returns. The other is “noise trader” 
theory. According to Barber and Odean (2008), individual investors are net buyers of 
attention-grabbing assets; they are likely to make purchase decisions for investment 
instruments with increasing media coverage. New users are likely to join the transaction 
network after acquiring related information, which leads to a price increase as the supply 
is relatively stable in the short term (Garcia et al. 2014).

Bitcoin, as an internet-based digital currency, is, therefore, susceptible to attract-
ing attention from the internet. Bouoiyour et  al. (2015), Bouoiyour and Selmi (2015), 
Nasir et al. (2019), Liu and Tsyvinski (2018), and Zhang and Wang (2020) indicated that 
Google search data as a proxy of investor attention leads positive Bitcoin returns and is 
a major driver of price movement. Inspired by this claim, Cretarola and Figà-Talamanca 
(2019a) proposed an internet attention-based model for Bitcoin price dynamics and 
derived a closed pricing formula for Bitcoin’s European-style derivatives. Meanwhile, the 
inverse positive Granger causal effect of returns on internet attention was discovered by 
some literature (Figà-Talamanca and Patacca 2019, 2020).

Although other researchers agreed that internet attention is tightly connected to Bit-
coin prices, they argued that the lead-lag relationship changes with time or depends on 
specific market conditions. Kristoufek (2013) found the effect of increased interest on 
Bitcoin returns is asymmetric while prices are above or below trend values. Kristoufek 
(2015) provided supplementary evidence that the co-movement of internet attention 
and returns is most dominant at high scales and the relationship changes over time. 
Since 2013, it has been difficult to confidently discern the leader. Ciaian et  al. (2016) 
proposed that the strong impact of internet attention on Bitcoin returns only exists in 
the early years of Bitcoin trading, then becomes minimal once Bitcoin becomes more 
established on financial markets. Dastgir et al. (2019) concluded that the bidirectional 

1  On December 3, 2013, the central bank of China and four other central government ministries and commissions 
jointly issued the Notice on Precautions Against the Risks of Bitcoins, defining it as a special “virtual commodity,” which 
is not a currency and should not be circulated and used in the market as a currency.
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causal relationship between Bitcoin attention and returns only exists in the poor and 
superior performance of price returns. In other words, it is only when prices are expe-
riencing extreme changes that increasing investor attention will affect returns. Zhang 
et  al. (2018) stated that Google search volume and Bitcoin returns are anti-persistent 
cross-correlated; therefore, their cross-correlation decreases over time. Cretarola and 
Figà-Talamanca (2019b) emphasized that, under suitable conditions, market attention is 
linked to the formation of a bubble. That is, once a vicious loop between market atten-
tion and Bitcoin prices occurs and makes their correlation exceed a threshold value, a 
price bubble may emerge. Ibikunle et al. (2020) decomposed Bitcoin prices into a noise 
and an efficient component and demonstrated that investor attention strongly affects the 
noise component, which represents noise trading, while the efficient component repre-
sents informed activity driven by arbitrage.

Another strand of research found no evidence of direct causality between internet 
attention and Bitcoin returns. Instead, Figà-Talamanca and Patacca (2019, 2020), Eom 
et  al. (2019), and Yu et  al. (2019) pointed out that internet attention positively affects 
Bitcoin price volatilities.

A somewhat different conclusion was drawn by Urquhart (2018) and Aalborg et  al. 
(2019). Urquhart documented that internet attention has no significant impact on the 
returns and the realized volatility of Bitcoin. Conversely, it is the realized volatility that 
affects next-day attention. Aalborg et  al. showed that Google search data only have a 
weak relationship with daily Bitcoin price volatilities and the relationship is not signifi-
cant when considering weekly frequency. However, Aalborg et  al. agreed that Google 
search data can help predict the trading volume of Bitcoin.

We argue that the existing literature implies a time-variant relationship between Bit-
coin attention and markets. Research that states no causality between Bitcoin attention 
and price returns takes the data sample as a whole and fails to identify specific periods 
when the two variables have strong connections. Some market conditions which may 
affect the causal relationship are specified in literature. Some of these are: whether the 
price is under or above the trend (Kristoufek 2013), whether returns are in an extreme 
range (Dastgir et al. 2019), and whether a market bubble emerges or crashes (Ibikunle 
et  al. 2020). Underlying reasons for such a time-variant relationship may be traced to 
the two positive feedback loops discovered by Garcia et  al. (2014): that is, the social 
cycle between internet attention and price, and the user adoption cycle between internet 
attention, number of new users, and price. They also observed that spikes in search vol-
ume, presumably linked to external events, precede bubble crashes. Similarly, Cretarola 
and Figà-Talamanca (2019b) concluded that price bubbles are a result of market exuber-
ance (Shiller 2015). The causal relationship is weak when the market is stable. However, 
the dependence between the two processes would increase and result in a bubble when a 
vicious loop between market attention and prices is generated.

This paper aims to enhance current research by quantitatively examining the time-
varying causal relationship between internet attention and Bitcoin returns, as well 
as trading volume. We apply the time-varying Granger causality test developed by Lu 
et al. (2014) to detect how the relationship changes with time, and further test whether 
changes in the relationship are connected with extreme market states such as price bub-
bles. Empirical results present strong time-varying causal effects. Specifically, the level 
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of the Granger causal effect of internet attention on price returns depends on changes 
of price returns and is positively correlated with occurrences of price bubbles. From 
March 2014 to May 2019, internet attention, measured by the Google search volume 
index (GSVI), only occasionally led to price returns and was more likely to lead to Bit-
coin bubbles. The inverse Granger causal effect of price returns on internet attention is 
significant during the whole period and became stronger during bubbles, representing 
time-varying characteristics. These findings are consistent with Kristoufek (2015), Dast-
gir et al. (2019), Cretarola and Figà-Talamanca (2019b), and Ibikunle et al. (2020), and 
also suggest a stronger feedback loop between internet attention and price returns with 
extreme market states, or market exuberance. An additional finding is that a strong bidi-
rectional Granger causal relationship exists between Bitcoin trading volume and internet 
attention, with stronger causal effects after early 2018. This study also implies that insti-
tutional investors can make a profit by attracting attention and manipulating the Bitcoin 
price. Overall, we argue that Bitcoin presents more risk than traditional financial asserts, 
and therefore attracts speculators (Zhu et al. 2017).

This study contributes to the literature by quantifying the time-varying causal relation-
ship between Bitcoin attention and price returns, as well as trading volume, which is 
neglected by the existing literature related to Bitcoin. To the best of our knowledge, this 
is the first paper to apply the time-varying Granger causality test to explore these rela-
tionships. The empirical finding that the time-varying Granger causal effect of internet 
attention on price returns is only significant during 1/5 of the data sample period is com-
plementary to the findings of Kristoufek (2015), Dastgir et al. (2019), and Cretarola and 
Figà-Talamanca (2019b). The investigation of periods when internet attention leads Bit-
coin returns indicates that the influence of investor attention on price returns increases 
with the occurrence of bubbles, therefore implying differences in Bitcoin market tran-
sition mechanisms during bubbles and relatively stable periods. This empirical finding 
also provides insight into Bitcoin market trading strategies.

The rest of the paper is organized as follows: "Data" section describes the data; 
"Methods" section  introduces the econometric methodology; "Empirical analysis" sec-
tion presents the empirical analysis; the discussion of empirical findings is presented in 
"Discussion" section, and conclusions are provided in "Conclusion" section.

Data
Bitcoin trading data were acquired from Yahoo Finance. Daily closing prices against the 
US dollar and trading volume from January 1, 2013 to May 31, 2019 are presented in 
Fig. 1. Most of the time, trading volume and prices change synchronously. Active Bit-
coin trading was initiated on April 28, 2013. However, from 2013 to 2016, trading was 
relatively limited. The explosive increases of Bitcoin trading that began in 2017 lasted 
for some time, with Bitcoin prices reaching an all-time peak of $19,783 on December 
17, 2017. After China’s initial ban on Bitcoin trading in September 2017 and its com-
plete ban on February 1, 2018, Bitcoin prices plunged to $6,914 on February 5, 2018. 
China’s share of global Bitcoin trading volume fell from over 90% in September 2017 to 
less than 1% in June 2018. The total trading volume of Bitcoin fell simultaneously—from 
a monthly historical high of $76,344 million (December 2017) to $8,582 million (Octo-
ber 2018).
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In our empirical analysis, we focus on Bitcoin returns rather than price levels. Returns 
are defined as rt = 100 ∗ ln(pt/pt−1), where pt denotes the closing price at day t. Sim-
ilarly, the first difference of logarithm of trading volume is used in empirical analysis, 
given that logarithm data often have better characteristics of skewness and kurtosis.

The GSVI collected from Google Trends (Google Trends 2019) is used in this study to 
represent internet attention. Google is the most popular search engine worldwide and 
its global market share has remained above 88% since 2013 (Statcounter 2019). GSVI is 
the relative search volume ratio of a given search term and is normalized to [0, 100]. Fol-
lowing literature such as Kristoufek (2013), Philippas et al. (2019), Dastgir et al. (2019), 
and Urquhart (2018), “Bitcoin” is used as the specific search term. Although Google 
Trends provides detailed subcategory and location information for search queries, we 
use GSVI worldwide in all categories to represent the internet attention with the wid-
est possible focus. Google Trends provides multiple frequencies of GSVI—either daily, 
weekly, or monthly. However, daily data can be downloaded within a maximum window 
size of 270 days. To get daily GSVI in a longer time range, we separately download daily 
data values in a smaller time range and link them as a whole time series to broaden the 
time covered.

The methods we use to transform Google Trends data to a broader time range in daily 
values are as follows: First, we download monthly GSVI for the entire time frame, which 
is longer than 270 days. Second, we download daily GSVI for each month residing in the 
entire time frame. Third, we merge the daily data for each month into a single time series 
by multiplying their values with the corresponding monthly data and then dividing by 
100. As each daily GSVI is normalized in its selected time range, daily GSVI between dif-
ferent months cannot be directly linked. However, the monthly GSVI covering the entire 
time range can be used as calibration and the linked daily GSVI is comparable between 
data points.

Figure 2 shows the linked daily GSVI of Bitcoin from January 1, 2013 to May 31, 2019. Da 
et al. (2011) proposed abnormal GSVI (AGSVI) as another measure for internet attention; 
we also include it in Fig. 2 and the following analysis. AGSVI is constructed as the logarithm 
of GSVI at the current time point minus the logarithm of median GSVI during the previous 

Fig. 1  Daily trading volume (left axis) and closing price of Bitcoin (right axis, in US Dollars)
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60 days in this paper, while Da et al. (2011) use weekly GSVI, and the median value is taken 
as GSVI over the past 8 weeks. As the median value over a longer time window captures the 
normal level of GSVI (Da et al. 2011), AGSVI indicates the extra attention from the internet 
in a more direct, less unambiguous way. A positive AGSVI value suggests a surge of internet 
attention. In empirical analysis, we use the first difference of logarithm of GSVI and AGSVI, 
which is in line with Da et al. and other literature. Figure 2 shows that the changes of GSVI 
and AGSVI are close, with the highest values appearing when prices peak, and the two time 
series having more frequent fluctuations after the December 2017 price crash.

Methods
Time‑varying Granger causality test

The time-varying Granger causality (TV-GC) test proposed by Lu et al. (2014) is applied 
in this paper to test whether the Granger causal relationship between one time series and 
another is time-varying or not. Specifically, the unidirectional time-varying Granger causal-
ity test statistic from time series y2,t to time series y1,t is denoted by Qt(k):

where T is the sample length, k(x) is the kernel function, and the smoothing parameter 
is M = M(T) → ∞, MT → 0 . Let ei,t = yi,t − E

(

yi,t|Ii,t−1

)

 be the innovation of yi,t and Ii,t 
be the information set of time series yi,t available at time t. i = 1,2. r12,t

(
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)

 is the dynamic 
conditional correlation of e1,t and e2,t−j , that is:
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Fig. 2  Daily GSVI (left axis) and AGSVI (right axis) with search term “Bitcoin”
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Meanwhile, the bidirectional time-varying Granger causality test statistic between 
y1 and y2 is denoted by Qb,t(k):

where:

Under the null hypothesis of {y1,t} and {y2,t} are mutually independent, Lu et  al. 
(2004) suggested using N(0,1) as the asymptotic distributions of the tests Qt and Qb,t . 
When T, k(x) and M are given, the stronger the correlation r12,t

(

j
)

 , and the larger the 
time-varying Granger test statistic. Thus, a larger time-varying Granger test statis-
tic indicates a stronger casual effect, which is a useful implication for measuring the 
time-varying Granger causal effect.

To estimate time-varying Granger tests, we follow the procedure of Lu et  al. 
(2014). Firstly, the autoregressive moving average (ARMA) model is applied to 
each time series to remove the effect of autocorrelation and yield the innova-
tions ei,t = yi,t − E

(

yi,t|Ii,t−1

)

, i = 1, 2 . Here, E(yi,t|Ii,t−1) is the conditional expecta-
tion estimated by the popular ARMA model. While there is a strong autoregressive 
conditional heteroskedasticity (ARCH) effect, the ARMA with generalized  autore-
gressive conditional heteroskedasticity errors (ARMA-GARCH) is applied.

Secondly, the dynamic conditional  correlation generalized autoregressive condi-
tional heteroskedasticity  (DCC-GARCH) model of Engle (2002) is used to estimate 
the dynamic conditional correlation r12,t

(

j
)

 . Specifically, we suppose that 

et
(

j
)

=
(

e1,t
e2,t−j

)

 follows Engle’s DCC -GARCH model as below:

The popular maximum likelihood estimation (MLE) is applied for the DCC-GARCH 
model, and then r12,t

(

j
)

 is estimated. Similar to Lu et al. (2014), we use the Bartlett kernel 
function in the test:

Finally, time-varying Granger test statistics Qt(k) and Qb,t(k) are calculated from 
Eqs. (1) and (3).

The above procedure implies that the estimated correlation r12,t
(

j
)

 does not suffer from 
the autocorrelation and the ARCH effect in yi,t, i = 1, 2 , for these effects are removed by 
ARMA and DCC-GARCH models, respectively.
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Multiple bubbles test

Philips, Shi, and Yu (2015; hereafter, PSY) proposed a practical method for real-time 
bubble detection. This method is now widely used by central banks and other finan-
cial market practitioners for monitoring bubbles as well as crises. It defines bub-
ble expansion as the mildly explosive behavior of asset prices, while during normal 
market conditions prices typically follow martingale behavior. The null hypothesis 
describes asset prices under normal market behaviors and is stated as:

where gT = kT−γ(with constant k, γ > 1/2 , and sample size T) describes any mild drift 
that is of a smaller order than the martingale component and is, therefore, non-domi-
nating (asymptotically negligible). The particular regression model chosen for the PSY 
procedure is:

where yt is the asset price at time t, and p is the lag order determined by information cri-
teria in empirical applications. The error εt follows independent and normal distribution. 
The null hypothesis and alternative hypothesis are:

Under the null hypothesis, yt is a unit root process and �yt is stationary, while under 
the alternative hypothesis, yt1 is explosive and �yt is non-stationary. The hypothesis 
also implies that right-tailed unit root tests should be used in this setting. Then the PSY 
method estimates the augmented Dickey-Fuller (ADF), which is the t-ratio of the least 
squared estimate of ρ , based on a recursive evolving algorithm (Phillips et al. 2015). The 
ADF statistic is calculated recursively from a backward expanding sample sequence, 
with the endpoint fixed at the observation with interest, and then the sample’s starting 
point changed (limited by minimum window size). The final ADF statistic is selected as 
the supremum taken over the values of all the ADF statistics in the entire recursion.

However, the performance of this algorithm can be affected by heteroscedasticity 
and multiplicity and is known to increase the probability of false positives. Phillips 
and Shi (2018) proposed a new bootstrap procedure, which simultaneously over-
comes both heteroscedasticity and multiplicity issues, and we apply it in this paper to 
detect Bitcoin price bubbles.

Empirical analysis
Time‑varying causality test between internet attention and returns

Data used in the Granger causality test are the first difference of logarithm of GSVI, 
AGSVI, and Bitcoin returns, and the first difference of logarithm of trading volume 
from March 1, 2014 to May 31, 2019. All data are stationary (Table  1). Data before 
March 2014 are not included for violent swings in market conditions.

(7)yt = gT + yt−1 + υt ,

(8)�yt = µ+ ρyt−1 +
p

∑

j=1

ϕj�yt−j + εt,

(9)H0 : ρ = 1H1 : ρ > 1
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The procedure for calculating the time-varying Granger causality (TV-GC) test is: (1) 
estimating the ARMA-GARCH model for each time series and getting the innovations; 
(2) estimating the dynamic conditional correlation r12,t

(

j
)

 by the DCC-GARCH model in 
Eq. (4); (3) calculating TV- GC statistics according to Eqs. (1) and (3).

We conclude that the ARMA(1,1)-GARCH(1,1) model is the best ARMA-GARCH 
model for each time series according to Akaike Information Criterion. Table  2 shows 
parameters for these ARMA-GARCH models.

Innovations from the above ARMA-GARCH models are modeled as the DCC-
GARCH process as shown in Table 3. Then, following Lu et al. (2014), M in Eq.  (1) is 
set to 10, and kernel function is set to Bartlett kernel function. A set of DCC-GARCH 
models of e1,t and e2,t−j , j = -10, -9, …,-1, 1, 2, …, 10, are estimated. Table 3 presents fitted 
parameters for selected DCC-GARCH models. dcc.alpha and dcc.beta are parameters 
in the dynamic conditional correlation equation of the DCC-GARCH model, and they 
are key parameters for identifying whether or not the correlation changes with time. 

Table 1  Descriptive statistics

***, **, * denote statistical significance at a 1%, 5%, and 10% level, respectively. dlog_GSVI represents the first difference of 
logarithm of the Google search volume index; AGSVI is the abnormal Google search volume index; returns is Bitcoin returns, 
and dlog_volume is the first difference of logarithm of Bitcoin trading volume

Variable dlog_GSVI AGSVI Returns dlog_volume

Observations 1918 1918 1918 1918

Mean 0.000 0.007 0.141 0.004

Standard deviation 0.143 0.318 3.918 0.444

Median − 0.012 − 0.009 0.179 − 0.031

Minimum − 0.892 − 0.836 − 29.401 − 2.014

Maximum 1.171 1.878 24.060 1.729

Skewness 0.766 0.855 − 0.256 0.301

Kurtosis 7.593 2.854 6.641 0.912

T statistic of ADF test − 15.074 *** − 6.563 *** − 11.815 *** − 18.044 ***

Table 2  Parameters of ARMA-GARCH models

***, **, * denote statistical significance at a 1%, 5%, and 10% level respectively. dlog_GSVI represents the first difference 
of logarithm of Google search volume index; AGSVI is abnormal Google search volume index; returns is Bitoin returns in 
logarithm; and dlog_volume is the first difference of logarithm of Bitcoin trading volume. Standard errors are reported in 
parentheses

Variable dlog_GSVI AGSVI returns dlog_volume

c − 0.001
(0.002)

0.007
(0.031)

0.130*
(0.070)

0.003
(0.002)

ar(1) 0.604***
(0.048)

0.911***
(0.012)

− 0.210
(1.862)

0.428***
(0.032)

ma(1) − 0.792***
(0.035)

0.011
(0.038)

0.208
(1.863)

− 0.857***
(0.017)

ω 0.009***
(0.001)

0.008***
(0.001)

0.532***
(0.109)

0.082**
(0.032)

α 0.302***
(0.041)

0.274***
(0.038)

0.123***
(0.017)

0.120***
(0.031)

β 0.268***
(0.073)

0.328***
(0.066)

0.851***
(0.019)

0.374*
(0.212)

AIC 2394.657 2336.657 − 10,220.110 − 1899.097
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For example, denoting the innovations of dlog_GSVI(t) and r(t-1) as eGSVI(t) and e(t-
1), in the DCC-GARCH model, dcc.alpha and dcc.beta are all significant at a 5% level, 
which means that the dynamic conditional correlation between dlog_GSVI and lagged 
Bitcoin returns is time-varying. After estimating the DCC-GARCH model, we calculate 
dynamic conditional correlation r12,t

(

j
)

 according to Eq.  (4) and then conduct TV-GC 
tests by Eq. (1) and (3).

TV-GC test results are presented in Figs. 3, 4, 5. Figure 3 shows TV-GC tests between 
Bitcoin returns and GSVI,2 with Q1 representing the test from Bitcoin returns to GSVI , 
and Q2 the reverse. Q1 at most time points is significant at a 10% level, indicating strong 
Granger causality of Bitcoin returns on GSVI on the whole. Conversely, Q2 is only occa-
sionally significant at a 10% level, indicating a limited Granger causality of GSVI on Bit-
coin returns. However, the changing values of both Q1 and Q2, as well as their changing 
p-values, indicate that the causal relationships are time-varying. Meanwhile, the smaller 
values of Q2 than those of Q1 at most time points mean that information spillovers are 
mainly from Bitcoin returns to GSVI . Figure 4, showing TV-GC tests between Bitcoin 
returns and AGSVI , indicates similar conclusions for the two variables.

Bidirectional TV-GC tests between Bitcoin returns and internet attention are shown 
in Fig.  5. Qb1/Qb2 stands for the bidirectional TV-GC test statistics between Bitcoin 
returns and GSVI/AGSVI, respectively. Both Qb1 and Qb2 are significant at a 10% level, 
indicating the existence of strong bidirectional GC. Thus, the instantaneous causal rela-
tionship between Bitcoin returns and internet attention is very strong on the whole. A 
time-varying character can also be found from the bidirectional GC test.

Table 3  Parameters of selected DCC-GARCH models

***, **, * denote statistical significance at a 1%, 5%, and 10% level, respectively. e(t), eGSVI (t), eAGSVI (t) and eVolume(t) are 
the innovations of Bitcoin returns, dlog_GSVI, AGSVI and dlog_volume at time t, which are estimated from ARMA-GARCH 
models. (eGSVI(t),e(t − 1)) represents DCC-GARCH model of eGSVI(t) and e(t − 1)

Variable (eGSVI(t), e(t − 1)) (eAGSVI(t), e(t − 1)) (eGSVI(t), 
eVolume(t − 1))

(eAGSVI(t), 
eVolume(t − 1))

a1 0.009***
(0.001)

0.007***
(0.001)

0.009***
(0.002)

0.008***
(0.002)

a2 0.523***
(0.076)

0.990***
(0.065)

0.061***
(0.076)

0.078***
(0.069)

A11 0.319***
(0.092)

0.246***
(0.090)

0.2990***
(0.097)

0.272***
(0.099)

A22 0.132**
(0.207)

0.157**
(0.320)

0.108***
(0.021)

0.120***
(0.024)

B11 0.260***
(0.028)

0.435***
(0.034)

0.273***
(0.029)

0.328***
(0.030)

B22 0.846***
(0.031)

0.789***
(0.045)

0.516***
(0.146)

0.404***
(0.165)

dcc.alpha 0.027***
(0.014)

0.022***
(0.015)

0.0018*
(0.006)

0.000
(0.005)

dcc.beta 0.908***
(0.055)

0.904***
(0.086)

0.980***
(0.098)

0.987***
(0.393)

2  The first difference of logarithm of GSVI (dlog_GSVI) is used in the TV-GC test
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Fig. 3  Time-varying Granger test between GSVI and Returns (Q1: returns—> GSVI; Q2: GSVI- > returns). Note: 
The thick solid line is the Q1 test and the thin solid line is the Q2 test (the left axis). p-values of Q1 and Q2 are 
on the right axis. This likewise applies to Figs. 4, 5, 6, 7, 8

Fig. 4  Time-varying Granger test between AGSVI and Returns (Q1: returns—> AGSVI; Q2: AGSVI- > returns)

Fig. 5  Bidirectional time-varying Granger test between returns and internet attention (Qb1: 
returns <  =  > GSVI; Qb2: returns <  =  > AGSVI)
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Time‑varying causality test between internet attention and trading volume

The TV-GC tests between internet attention and Bitcoin trading volume are shown in 
Figs. 6, 7, 8. Figure 6 shows the TV-GC tests between GSVI and trading volume. Q1 is 
the TV-GC test statistic from trading volume to GSVI, and Q2 is the reverse test. As 
can be seen from their p-values in Fig. 6, both GC test statistics change with time and 
are all significant at the 5% level in the whole sample, which means that there is a very 
strong unidirectional Granger causality between internet attention and Bitcoin trading 
volume. With the values of Q2 being often larger than those of Q1, we infer that trading 
volume has a stronger causal effect on GSVI than the reverse. The values of Q1 present 
an upward trend from early 2018, which is an interesting finding and indicate the high 
impact of trading volume on internet attention in recent years.

Figure 7 shows the TV-GC tests between AGSVI and trading volume. Q1 is TV-GC 
test from trading volume to AGSVI, and Q2 is that from AGSVI to trading volume. We 
draw similar conclusions in Fig. 7 as in Fig. 6. For example, both Q1 and Q2 are time-
varying and significant at a 5% level. In addition, the Granger causal effect of trading 

Fig. 6  Time-varying Granger test between GSVI and Trading Volume (Q1: trading volume-> GSVI; Q2: 
GSVI- > trading volume)

Fig. 7  Time-varying Granger test between AGSVI and Trading Volume (Q1: trading volume-> AGSVI; Q2: 
AGSVI- > trading volume)
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volume on AGSVI becomes stronger after early 2018, showing a similar pattern as in 
Fig. 6. The TV-GC test statistic from trading volume to AGSVI (Q1 in Fig. 7) is often 
smaller than that from trading volume to GSVI (Q1 in Fig.  6), which means that the 
latter causal effect is stronger and thus GSVI may be a better candidate for internet 
attention.

Figure 8 shows bidirectional TV-GC tests between trading volume and internet atten-
tion (GSVI and AGSVI). Qb1 is the bidirectional TV-GC test between GSVI and trading 
volume, and Qb2 is that between AGSVI and trading volume. The upward trend of the 
two tests indicates an increasing bidirectional causal effect between trading volume and 
internet attention. The p-values of each test are all lower than 0.01, which means that 
bidirectional causality between trading volume and internet attention are all significant 
at a 1% level. In addition, each bidirectional TV-GC test is much larger than the cor-
responding unidirectional one, implying the existence of strong instantaneous Granger 
causality between trading volume and internet attention.

Bitcoin bubbles and internet attention’s effect on Bitcoin returns

In Sect. 4.1, we find that internet attention only affects Bitcoin returns during occasional 
time periods. According to Cretarola and Figà-Talamanca (2019a), investor attention 
may result in a bubble when a vicious cycle between investor attention and prices starts. 
So it is reasonable to assume that the effect of investor attention on Bitcoin returns is 
closely related to the emergence of bubbles. To further investigate this phenomenon, we 
detect bubbles of Bitcoin prices using the PSY method. During the experiment, the mul-
tiplicity size control is set to 2 years, and the optimum lag order is selected by Bayesian 
Information Criterion with a maximum lag order of 6. The simulation for critical values 
is repeated 999 times. The PSY test statistics are compared with the 90% bootstrapped 
critical values to detect the occurrence of bubbles.

Figure  9 shows the detected bubbles (gray shade) and the test statistics of the 
TV-GC relationship. The longest bubbles are detected from May 2017 to January 
2018. During this period, the Bitcoin price hit its historical high and fluctuated dra-
matically due to a combination of many complex factors, including expectations of 

Fig. 8  Bidirectional time-varying Granger test between Trading Volume and internet attention (Qb1: trading 
volume <  =  > GSVI; Qb2: trading volume <  =  > AGSVI)
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an interest-rate rise from the US, China’s strict regulation, market manipulation, and 
hacker attack. Detection of this bubble is consistent with Su et  al. (2018), Geuder 
et  al. (2019), and Holub and Johnson (2019). Other bubbles lasted for a very short 
time, such as from mid-June 2016 to early 2017.

In Fig.  9, the blue solid line is the test statistic for multiple bubble detection 
taken additive inverse. The blue solid line and green dotted line are test statistics 
of the unidirectional TV-GC test from GSVI and AGSVI to price returns, respec-
tively. It shows that jumps of TV-GC statistics are synchronous with those of bub-
ble test statistics, providing evidence that internet attention is more likely to affect 
price returns during bubble periods. Regressing TV-GC test statistics on bubble test 
statistics in Table  4 show the positive coefficients significant at a 1% level, imply-
ing that the two variables are positively related, and that internet attention has a 
stronger effect on Bitcoin returns during the bubble periods. Although some time 
periods with large bubble test statistics are not identified as bubbles, a larger TV-GC 

Fig. 9  Time-varying Granger Causality test results of GSVI (AGSVI) to Bitcoin returns and detected bubbles. 
Note: Left axis: blue solid line is Q2(GSVI- > Returns), TV-GC test statistics from GSVI to Bitcoin returns; green 
dotted line is Q2(AGSVI- > Returns), TV-GC test statistic from AGSVI to Bitcoin returns; right axis: blue solid line 
is -bsadf, the additive inverse of test statistics of bubble occurrence; Gray shade is the detected bubbles

Table 4  Estimated model of TV-GC and bubble test statistics

***, **, * denote statistical significance at a 1%, 5%, and 10% level, respectively. Q2(GSVI- > returns) and Q2(AGSVI- > returns) 
are test statistics of unidirectional TV-GC test statistics from GSVI and AGSVI to price returns. BSADF is the bubble test 
statistic. Significance level of the coefficient test is listed in parenthesis

Dependent variable Q2(GSVI- > returns) Q2 (AGSVI- > returns)

c 1.133***
(0.017)

0.505***
(0.012)

BSADF 0.056***
(0.008)

0.030***
(0.006)

F test 44.739***
(0.000)

27.110***
(0.000)
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test statistic from internet attention to price returns can be observed during these 
periods.

Discussion
The empirical experiments based on daily data from March 1, 2014 to May 31, 2019 
show that the Granger causal effect of Bitcoin returns on internet attention is strong 
during the whole sample period, while the reverse causal effect is weaker and only occa-
sionally significant at a 10% level. Thus, the unidirectional information spillovers are 
mainly from Bitcoin returns to internet search data, and not vice versa. This is consist-
ent with findings from Kristoufek (2015), Dastgir et al. (2019), and Cretarola and Figà-
Talamanca (2019b), which show that internet attention is a key factor in driving Bitcoin 
prices, but not always a leading indicator of price returns. Unidirectional TV-GC from 
internet attention to returns is only significant at a 10% level for about 1/5 of the whole 
data sample period. Most of these data points with larger TV-GC test statistics reside in 
time periods with a high probability of price bubbles. Values of both the two unidirec-
tional TV-GC tests change over time, verifying that the causal effect is time-varying. In 
addition, the two unidirectional causal effects are both likely to increase when the price 
is close to a bubble level and to decrease when the bubble bursts. In summary, occur-
rences of price bubbles amplify the interaction between internet attention and Bitcoin 
returns. Internet attention fails to lead Bitcoin returns when prices are relatively stable 
but becomes a good leading indicator of price changes during chaotic periods.

Several factors may contribute to time-variations of the relationship. One is the devel-
opment of Bitcoin trading. Ciaian et al. (2016) found that investor attention has a strong 
impact on price returns in the early stage of Bitcoin trading, while the impact is minimal 
after the market is well established. In the early stage, as a new form of payment and the 
first cyptocurrency, increasing investor attention is more likely to attract new traders 
and users; thus, it has a stronger impact on prices. Zhang et al. (2018) found that the 
cross-relation between investor attention and Bitcoin returns decreases over time, which 
provides supplemental evidence for this trading development theory. However, empiri-
cal results cannot provide extra evidence for this theory in this study, because data start 
from March 2013 and at that time Bitcoin trading was already very active.

The second factor is the noise trader theory. Market attention, aforementioned in 
Sect. 1, affects price dynamics in two ways, including category learning and noise trad-
ing. Internet attention is believed to be a measure of noise traders instead of institution 
traders according to Da et al. (2011). Ibikunle et al. (2020) also demonstrated that inter-
net attention has a strong effect on noise trading rather than informed trading. When 
dramatic changes occur in Bitcoin markets, increased media coverage attracts soaring 
investor attention. These individual investors are net buyers of attention-grabbing assets 
(Barber and Odean 2008; Hervé et al. 2019). Increasing demand for Bitcoin drives the 
prices up and a vicious loop between investors’ attention and price returns may appear 
(Cretarola and Figà-Talamanca 2019b). Finally, a bubble is formed. The strong Granger 
causality between investor attention and price returns continues until the bubble bursts. 
Ciaian et  al. (2016) and Kristoufek (2015) provided more details about the feedback 
effect between Bitcoin and online attention.
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However, bidirectional Granger causality between returns and internet attention is 
very strong on the whole. The corresponding test statistics are also much larger than the 
unidirectional ones, implying there is a very strong intraday (or instantaneous) inter-
action between price returns and internet attention. As a reference, Kristoufek (2015) 
also discovered that the co-movement of internet attention and Bitcoin returns is most 
dominant at high scales.

Time-varying causality tests between internet attention and trading volume show 
that each variable significantly leads another and the causal effects vary obviously with 
time. This confirms that trading volume can be taken as an efficient measure of investor 
attention. We also find an even stronger impact of Bitcoin trading volume on internet 
attention starting from early 2018. This is likely to be the result of the rapid increase 
in Bitcoin investors starting from December 2017, when Bitcoin value reached its all-
time high. Taking Coinbase, the largest cryptocurrency trading platform, for example, 
its monthly usage reached 11.1 million in January 2018, almost 28 times the number in 
January 2017 and 2.5 times the number in December 2017. In 2019, the number of users 
on Coinbase passed 30 million with 8 million having joined the exchange during 2018. 
It is believed that a large portion of these newly registered users is individual traders, 
thereby increasing the interaction between trading volume and online search volume. In 
addition, we find that GSVI is a better candidate for internet attention compared with 
AGSVI. Granger causality effects of GSVI on both Bitcoin returns and trading volume 
are stronger than those of AGSVI. To complement the TV-GC test, the traditional static 
Granger causality test between Bitcoin returns and trading volume is examined. The 
static Granger causality test results show that Granger causality from Bitcoin returns to 
trading volume is significant at a 1% level, while the reverse causality is not significant 
at a 5% level. This means that information spillovers in Bitcoin markets are mainly from 
Bitcoin returns to trading volume but not vice versa, which is similar to the conclusions 
on Granger causality between Bitcoin returns and internet attention.

Conclusion
In exploring the time-varying relationship between Bitcoin markets and internet atten-
tion as measured by GSVI, we find that the Granger causal relationship between Bitcoin 
returns and internet attention apparently changes with time. There is a strong Granger 
causal relationship between the trading volume of Bitcoin and internet attention, with 
a stronger impact of Bitcoin trading volume on internet attention since January 2018. 
Returns of Bitcoin prices strongly lead to changes in internet attention, while internet 
attention only occasionally affects Bitcoin returns. In particular, internet attention is 
likely to affect returns of Bitcoin prices in a bubble, which implies that the emergence of 
bubbles may accelerate the impact of internet attention on Bitcoin prices.

The results are valuable to the understanding of the transition channel of cryptocur-
rency. Given that it is a new cryptocurrency, Bitcoin is more likely to be a risky invest-
ment that attracts speculative traders. When the Bitcoin price surges, especially when 
the bubble emerges, more speculators are attracted to the Bitcoin market. This leads to 
increasing market attention and trading volume, triggering a higher market price and 
potentially a bubble. Our findings are consistent with Dastgir et  al. (2019), who show 
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that extreme price changes increase the attention of investors. However, we show that 
the Granger causal effects in the Bitcoin market are time-varying and the process is 
more complex than initially thought. Furthermore, the stronger Granger causal effect 
of market attention on Bitcoin returns during the occurrence of price bubbles indi-
cates that traders may transiently make a profit by boosting a bubble. That is,  institu-
tional  investors purposely increase Bitcoin’s media coverage and increase its search 
frequency, thus attracting more individual traders, and making a profit by manipulating 
the Bitcoin price. In fact, this trading strategy may have been used by informed inves-
tors in Bitcoin markets. According to Feng et al. (2018), informed traders can make large 
profits by building their positions 2 days before large positive events and 1 day before 
large negative events. For individual investors, it is important to be cautious of sudden 
Bitcoin media coverage and to be able to foresee any resulting price bubble.

Future work utilize information from a broader set of social media sources. This paper 
uses only Google search data to represent internet attention on Bitcoin. However, other 
social media, such as Wikipedia, Twitter, and Facebook, provide valuable information 
for predicting Bitcoin markets (Feng et al. 2018). Posts from trading platforms, such as 
Coinbase, Binance, and Huobi are also directly related to Bitcoin traders’ attention and 
sentiment. Specifically, the more that hedge funds and companies show interest and 
invest in cryptocurrency, the more worthwhile it is to identify how retail investor atten-
tion and institutional attention impact the markets, respectively.
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