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The role of media coverage in bubble formation:

Evidence from the Bitcoin market

You can’t value bitcoin because it’s not a value-producing asset...it's a real bubble in

that sort of thing.

— Warren Buffett

Abstract

This paper explores the role of media coverage in bubble formation in the Bitcoin
market. Three main findings emerge. First, media coverage, regardless of the tone,
increases the next day’s Bitcoin returns in the bubble period but not in the non-bubble
period. Second, Bitcoin returns can predict media coverage of Bitcoin both in the
bubble and non-bubble periods. Finally, there is an insignificant relationship between
media coverage and the next day’s Bitcoin’s trading volume in the bubble period but a
negative relationship between them in the non-bubble period. Overall, our findings
demonstrate that media coverage can act as a driver of Bitcoin returns during bubbles,
providing support to Shiller’s argument and advance our understanding of the formation

of bubbles and influence of media coverage.
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1. Introduction

Asset bubbles, posing threats to the notion of rationality and generally causing
price distortion as well as resource misallocation, present to be a critical puzzle in
financial economics. In his famous book /rrational Exuberance, Shiller (2000, p. 95)
states, ... news media are fundamental propagators of speculative price movements
through their efforts to make news interesting to their audience ...” Although
Bhattacharya et al. (2009) conclude that media hype has limited explanatory power for
the internet bubble after examining all news items coming out during 1996-2000, the
case could be different in modern times given the movement away from print media
and towards social media news. In this paper, we revisit the effect of media coverage
on asset bubbles with data from the Bitcoin market.

There has been an ongoing debate about how media coverage impacts the capital
market since, at least, the 1990s among academics, practitioners, and policymakers.
Initially, news media was considered a convenient tool for transmitting information in
the capital market. However, the internet bubble has raised the concern that media play
a more complicated role in the capital market. Some scholars (e.g., Shiller, 2000;
Tetlock, 2007; Tetlock et al., 2008; Tetlock, 2011) show that in addition to serving as
an important player in the information disclosure process that guarantees price
efficiency, media can exacerbate investor irrationality, trigger attention cascades, and
foster feedback within price changes. Therefore, it is very likely that media coverage
facilitates the growth of bubbles.

Shiller (2000) illustrates the process through which media coverage contributes to
bubble development with some examples in his book. Specifically, to survive and thrive,
media are in fierce competition to attract the public attention, requiring them to find
and create stimulating news. Financial markets seem to be a natural cradle for news
stories. For one thing, the public generally considers them the big casino and a
barometer of the nation’s status, which can be utilized by media. For another, financial

news can have human interest appeal since it is usually associated with the making or



breaking of fortunes. As a result, financial news accounts for a large amount of media
content. By either attaching news reports to asset price changes that the public has
already observed or reminding the public of past market episodes and the likely trading
strategies of other people, news media could foster strong feedback from past price
movements to future price movements.

While theoretically intuitive, examining the role of media coverage in determining
asset bubbles is empirically challenging. For one thing, other information
intermediaries, such as analysts, interact with media (Guest and Kim, 2020), jointly
affecting asset prices. For another, despite the repeated occurrence of bubbles and
crashes,! the dramatic rise and fall in prices for a single asset are relatively scarce.
Meanwhile, previous speculative asset bubble episodes were either a one-off or lasting
for many years (for a single boom-doom cycle), making it hard to assess the validity of
conclusions. The Bitcoin market, on the contrary, offers a useful testing ground for the
above investigation. First, it is widely accepted that speculation elicited by the
enthusiasm for Blockchain technology mostly accounts for Bitcoin’s price, which fits
well the characterization of bubbles (Griffin and Shams, 2020). Meanwhile, despite its
short history, Bitcoin has survived eight peak-to-trough drawdowns of roughly 70%
during the 2013-2021 period, providing a suitable laboratory for studying bubbles. We
plot daily returns of Bitcoin in Fig. 1. The large variation in Bitcoin returns is quite
evident. Besides, given that official information sources, such as earnings
announcements and analyst coverage, are relatively scarce (Xie et al., 2020) for Bitcoin,
the impact of media coverage could be easier to identify than in the stock market.
Therefore, we explore the effect of media coverage on asset bubbles in the Bitcoin
market.

For this purpose, we collect news reports for Bitcoin from Google News during
2012.1-2021.10. The main reason behind using Google News as the data source is that

most Bitcoin investors are retail investors and only recently have institutional investors

! Perhaps, the most eye-catching bubbles in history are the tulip mania in the 17th century, the Mississippi and South
Sea bubbles in the 18th century, the ‘Roaring 20s’ in the last century, the NASDAQ bubble at the turn of the 21st
century, and the real estate boom in major US cities ended in the 2008 global financial crisis.

3



begun investing in cryptocurrencies. Due to its widespread access and low costs,
Google News may become their primary information source against the authoritative
press. To identify bubbles, we employ the method proposed by Phillips et al. (2015a)
and Phillips et al. (2015b).2 This method (often called the PSY method) is well
established and outperforms others in terms of size and power when there are multiple
bubble episodes in a sample period (Brunnermeier et al., 2020). Based on its statistics,
we divide the whole sample period into the bubble and non-bubble periods. Following
Tetlock (2007), we adopt a vector autoregressive (VAR) framework to estimate the
relationship between media coverage and Bitcoin returns in the bubble and non-bubble
periods, respectively. The results show that both positive and negative media coverage
is positively related to future Bitcoin returns in the bubble period but there is no
statistically significant relationship between positive and negative news coverage and
Bitcoin returns during the non-bubble period, supporting Shiller’s claim that media
coverage can drive the bubble. And the analyses with different methods and alternative
measures for bubbles provide similar results.

We further analyze how Bitcoin returns affect media coverage and how media
coverage affects Bitcoin’s trading volume in different periods. The results suggest that
Bitcoin returns could increase the future number of media reports but media coverage’s
impact on trading volume does not emerge immediately in the bubble period.

Additionally, we also extend the analysis to other cryptocurrencies, news reports
written in different languages, and the COVID-19 pandemic. Specifically, given that
Ethereum and Litecoin are two leading cryptocurrencies other than Bitcoin, we gather
news coverage and trading data for Ethereum and Litecoin and find a positive
relationship between media coverage and future returns in the bubble period. Since
Japan and Korea have peculiar official languages and cryptocurrency exchanges, we
examine the relationship between Bitcoin returns calculated with data from Japanese
and Korean exchanges and news reports written in Japanese and Korean. The findings

again confirm our hypothesis that media coverage could contribute to the growth of

2 Since we use the PSY method to detect bubbles and there is no consensus on how to measure Bitcoin’s intrinsic
value, we define bubbles as the explosive autoregressive behavior in prices in this paper.
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bubbles. And the analysis in the COVID-19 pandemic offers evidence that media could
better facilitate bubble formation after the outbreak of COVID-19.

Our paper is related to several lines of research. First, a large literature explores
how media coverage relates to the behaviors of various market participants. For
instance, media coverage can induce investors’ trading (Tetlock, 2007; Barber and
Odean, 2008; Engelberg and Parsons, 2011; Peress, 2014), predict stock returns
(Tetlock et al., 2008; Fang and Peress, 2009), and affect corporate decisions (Dyck et
al., 2008; Kuhnen and Niessen, 2012; Dai et al., 2015; Dai et al., 2021). Our study
contributes to this line of research by pointing out a potentially bad effect of media
coverage, i.e., amplifying investors’ irrationality and causing asset bubbles.

Second, our study helps advance the understanding of asset bubbles. Given the
large societal costs led by bubbles, both scholars and practitioners devote great efforts
to exploring how bubbles come into being. A strand of the literature proposes some
market participants that can influence the development of bubbles. In particular, K.
Brunnermeier and Nagel (2004) find that the investment of hedge funds does not correct
asset prices during the bubble periods as expected. Similar conclusions are reached by
Griffin ef al. (2011), who document that institutional investors drive both the run-up
and the collapse of stock prices. Greenwood and Nagel (2009) find that younger
managers disproportionately bet on technology stocks and exhibit trend-chasing
behavior during the technology bubble, suggesting that inexperienced investors are
more likely to buy assets with inflated prices. Andrade et al. (2013) verify that analyst
coverage can abate the growth of bubbles while Gong et al. (2017) analyze the Baosteel
call warrant bubble (a derivative in the Chinese financial markets) and show that new
investors initiate the bubble and act as the key driving force to sustain the bubble.
Running experimental markets with professionals and students, Weitzel et al. (2020)
further document that professional markets with bubble drivers are susceptible to
bubbles, although they are more efficient. We turn our attention to another intermediary
(information intermediary to be precise) in the financial markets, i.e., media, and
confirm that it can also act as a driver for asset bubbles.

Besides, with the cryptocurrency market as the setting, our study connects to a vast
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literature on the determinants of cryptocurrency prices. Liu et al. (2022) propose that
market, size, and momentum factors can be used to predict cryptocurrency returns. Hou
etal. (2020), Li et al. (2021), Wang et al. (2019), Liu et al. (2020), Zhang and Li (2020),
Cong et al. (2021), and Zhang and Li (2021) demonstrate that cryptocurrency returns
are also related to the limited scalability of Blockchain-technologies in processing
transactions, cryptocurrencies’ extreme returns, cryptocurrencies’ technological
sophistication, cryptocurrencies’ idiosyncratic volatility, heterogeneous users’
transactional demand, safe-haven properties, and cryptocurrencies’ liquidity. Motivated
by theoretical models, Liu and Tsyvinski (2021) find that network factors that capture
users’ adoption of cryptocurrencies rather than production factors that represent the
costs of cryptocurrency production can affect cryptocurrency returns. Meanwhile,
cryptocurrency returns are also associated with investor attention measures (Kristoufek,
2013; Bouoiyour et al., 2014; Bouoiyour and Selmi, 2015; Dastgir et al., 2019; Nasir
et al., 2019; Yu et al., 2019; Zhang and Wang, 2020; Guégan and Renault, 2021; Liu
and Tsyvinski, 2021) and social media discussions (Mai et al., 2018; Xie et al., 2020).
Our findings demonstrate that media coverage also has predictive power on Bitcoin
returns during the explosive period.

Our paper differs from studies (e.g., Nasir et al., 2019; Cretarola and Figa-
Talamanca, 2020; Enoksen et al., 2020; Zhang et al., 2021) focusing on the Google
trend’s impact on Bitcoin bubbles in the following two aspects. First, almost all these
studies are motivated by the huge price volatility in the Bitcoin market and aim to detect
whether there are bubbles and how Google search volume influences the bubbles
accordingly. In contrast, the main goal of our paper is to test Shiller’s argument
regarding media coverage’s role in bubble formation. We exploit the Bitcoin market
because there are more boom and bust cycles but fewer official information sources in
this market. Second, while they use the Google search volume index as their main
variable of interest, we employ news reports gathered by Google News. Therefore, our
data source and variable construction are also different.

The outline of our paper is as follows. Section 2 describes the data and

methodology we used to discern bubbles and measure news coverage. Section 3
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analyzes how media coverage is associated with returns and trading volume of Bitcoin
in the bubble and non-bubble periods. Section 4 explores the effect of media coverage
on returns with different cryptocurrencies and from different regions as well as in the
COVID-19 pandemic and shows the robustness of our findings. And Section 5

concludes this paper.

2. Data and methodology

2.1. Bubble measurement

To identify Bitcoin bubbles, we rely on the approach first proposed by Phillips et
al. (2011) and then modified by Phillips ef al. (2015a) and Phillips ef al. (2015b). This
approach outperforms other approaches in terms of size and power when multiple
bubble episodes occur within a period. This advantage is valuable for our setting
because our sample covers many bubble episodes.

In what follows, we briefly outline the testing procedure of the PSY method. The
PSY method is a real-time date-stamping strategy for the origination and termination
of multiple bubbles and can be considered as an extension of the right-tailed unit root
test.®

The prototypical model for the right-tailed unit root test is presented below:

ye = dT~ + By,_1 + &, &~iid(0,52), 1)
where d is a constant, T is the sample size, and w is a parameter that controls the

magnitude of the intercept and the drift as T — oo. The method focuses on the case of

w > %, when the drift is small compared to the martingale component of y,. Under the

3 The use of the unit root test in detecting bubbles can be traced back to Diba and Grossman (1988), in which the
authors proposed testing the no bubble hypothesis by applying standard unit root tests to the stock price series in
levels and first-differenced forms. A finding of non-stationarity when the series is in levels but stationarity when the
series is in first differences indicates that an explosive rational bubble does not exist. The logic behind the test is that
the bubble component of the stock price is generally believed as evolving as an explosive autoregressive process,
and an explosive autoregressive process cannot be differenced to stationarity. However, a pitfall with the test is that
it fails to effectively distinguish between a stationary process and a periodically collapsing bubble model since
patterns of the latter look more like data generated from a unit root or stationary autoregression than a potentially
explosive process (Evans, 1991). Taking account of this criticism, Phillips ef al. (2011) first proposed a new method
that relied on recursive right-tailed unit root tests. And our paper utilizes the generalized version of this method (i.e.,
PSY method) which delivers a consistent real-time date-stamping strategy for the origination and termination of
multiple bubbles to determine the bubble and non-bubble periods.
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null hypothesis, the process is a unit root (f = 1); and under the alternative hypothesis,
the process is an explosive root (f > 1).

The above model specification is often complemented with transient dynamics to
test exuberance. The recursive approach created by Phillips ef al. (2015a) involves a
rolling window ADF (Augmented Dickey-Fuller) style regression implementation.
Specifically, suppose the regression sample starts from the 7" fraction of the total
sample (7) and ends at the £ fraction of the sample, where 1, =1, + 7, and 7, is
the window size fraction of the regression, ranging from 7 (i.e., the minimum window

width fraction) to 1. The regression model is expressed as:

N ) k ni 3 (2)
Ayt = aT‘1.T‘2 + :81"1;7'2yt—1 + Z 97'1’7'2 Ayt_i + €t

i=1
where £ is the lag order, and y; is the natural logarithm of the asset price. The number
of observations in the regression is T,, = |Tr,|, where |-] is the floor function. The
ADF statistic based on the above regression is denoted as ADE, ..

To some degree, the PSY method is a repeated ADF test from regression (2) on
subsamples of the price data in a recursive fashion. Specifically, the PSY method not
only varies the endpoint of the regression (i.e., 2) from 7y (i.e., the minimum window
width fraction) to 1, but also allows the starting point 7; to change from 0 to > — . The

GSADEF statistic (also called generalized supremum ADF) is defined to be the largest

ADF statistic in this double recursion over all feasible ranges of 7; and 72, i.e.,
GSADF(ry) = supjzéio) | {ADF, .}, ®3)

Typically, bubbles occur when the GSADF statistic exceeds the critical value.

The GSADF statistic can also be written as:

GSADF (1) = sup,,efr, 11{BSADE,, (1)}, 4
where BSADF is the backward sup ADF statistic, defined as BSADE, (1) =
suprle[rojrz_ro]{ADFrl'rz}. Accordingly, the origination date of a bubble |[T7,| is
defined as the first observation whose backward sup ADF statistic exceeds the critical

value of the BSADF statisticc, where 71, = suprze[ro,l]{BSADFT2 (ry) >



Critical valuerz}. The termination date of a bubble is calculated as the first

observation after |T1,| + 6 log(T), whose backward sup ADF statistic falls below the
critical value of the BSADF statistic. Phillips ef al. (2015a) assume that the duration of
a bubble should exceed a minimal period represented by dlog(7), where o0 is a
frequency-dependent parameter. We refer to the BSADF statistic as the PSY statistic.

We gather the tick-level trading data (including price and trading volume) of
Bitcoin on Bitstamp from January 2012 to October 2021 from Bitcoincharts.com. This
is because Bitstamp is one of the most popular exchanges with a high market share and
liquidity and has been employed by a series of studies such as Urquhart (2017) and
Kalyvas et al. (2020).

Financial bubbles and crashes have been recurring phenomena in the Bitcoin
market. To identify bubbles, we employ the PSY test, which has been used in the Bitcoin
literature to classify bubbles (for instance, Enoksen et al., 2020; Anyfantaki et al., 2021).

Fig.2 plots the BSADF statistic (represented by the dotted line), the natural
logarithm of Bitcoin price (represented by the solid line) from January 2012 to October
2021, and the explosive periods (represented by the shaded regions). It is clear that there
are many explosive periods.* Some of them are quite short, and some of them can last
for a long period. Our analysis is conducted within these explosive and non-explosive

periods.
2.2. Coverage measurement

As a type of news aggregator, Google News is watching a huge number of news
sources worldwide and provides a continuous flow of links to articles from thousands
of publishers. Being not only accessed via the Internet but also available as an app on

Android and 10S, Google News simplifies the search of news stories and saves

4 The bubble periods include: 2012.07.16-2012.07.19,2012.07.21,2012.07.31-2012.08.18,2013.01.22-2013.04.14,
2013.04.18-2013.05.01, 2013.11.06-2013.12.15, 2014.10.04-2014.10.05, 2015.01.14, 2015.11.03-2015.11.04,
2016.06.06, 2016.06.11-2016.06.20, 2016.12.23, 2016.12.27-2017.01.04, 2017.05.19-2017.05.26, 2017.05.28-
2017.06.24, 2017.06.27-2017.06.28, 2017.08.05-2017.09.13, 2017.09.18, 2017.09.27-2018.02.03, 2018.02.14-
2018.03.06, 2018.11.24, 2018.11.26-2018.11.27, 2019.05.11, 2019.05.13-2019.05.16, 2019.05.19, 2019.05.26-
2019.05.27, 2019.06.24-2019.06.26, 2019.06.28-2019.06.29, 2020.11.20-2020.11.21, 2020.11.24, 2020.12.17-
2020.12.20, 2020.12.22, 2020.12.24-2021.01.20, 2021.02.03, 2021.02.05-2021.02.24, 2021.03.01, and 2021.03.08-
2021.03.21. And the rest periods are defined as the non-bubble periods.
9



considerable time for information acquisition (Calzada and Gil, 2020; Athey et al.,
2021). Therefore, it has a large consumer base. Considering that many investors of
Bitcoin are amateur investors (especially in the earlier days) who have little access to
news reports and are more likely to depend on Google News to read media coverage,
Google News could be an appropriate news source for our research question.

To obtain news coverage data of Bitcoin from January 2012 to October 2021, we
first search for “Bitcoin” on Google News and then collect all results returned
(including the title, source, timestamp, content etc.). Given that the number of news
reports (Newsnum) on different days is highly skewed,> we measure the news coverage
for Bitcoin as the natural logarithm of one plus the number of news reports (Lnewsnum)
each day. To address the concern that the number of news reports increases over time,
we follow Da et al. (2011) and define the main variable News® as Lnews on a day minus
the median of Lnews over the past 4 weeks, i.e.,

News; = Lnews, — Median[Lnews;_;, Lnews;_,, ... Lnews;_,g]. 4)

Meanwhile, we utilize the Python 3 VADER package’ to extract sentiment from
these news reports. After analyzing a news report’s text, this package gives a sentiment
compound score based on the ratios of negative and positive words in the report,
ranging from -1 (extremely negative) to 1 (extremely positive). Following common
practice, we count a news report as a positive one if the sentiment compound score is
larger than 0.05; we classify a news report as a negative one if the score is less than -
0.05; and we consider a news report a neutral one if the score lies between -0.05 and
0.05. Based on the results, we create two measures. The first one Posnews denotes the
difference between the natural logarithm of one plus the number of positive news
reports on a day (Lposnewsnum) and the median of Lposnewsnum over the previous 4
weeks. In a similar vein, we refer to Negnews as the difference between the natural
logarithm of one plus the number of negative news reports on a day (Lnegnewsnum)

and the median of Lnegnewsnum over the previous 4 weeks.

5 The number of news reports for Bitcoin on a given day ranges from 1 to 53 in our sample.
6 In fact, News measures the abnormal amount of media coverage on a day for Bitcoin. For brevity, when we refer
to the amount of media coverage, we are referring to News hereafter.
7 For more information, please visit https://www.nltk.org/ or
https:/www.nltk.org/api/nltk.sentiment.vader.html#module-nltk.sentiment.vader.
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2.3. Other variables

The dependent variable in our baseline analysis is the daily Bitcoin returns (Ret),

which is calculated as follows:

Ret; = In (Pi)’ ®)

t—1

where P; is the closing price of Bitcoin trading on Bitstamp on day z.

According to the previous literature (e.g., Liu and Tsyvinski, 2021), there are some
sources of predictability found in daily return data. First, although classic financial
theory (e.g., Samuelson, 1965) suggests that prices should roughly follow a random
walk with a drift in a complete market without frictions, market microstructure
phenomena like bid-ask bounce can harm the purity of the theoretical prediction and
cause the genuine or pseudo return autocorrelation. Therefore, we control for the lagged
returns of Bitcoin. Also, we follow prior studies (e.g., Mai et al. 2018; Enoksen et al.,
2020) and incorporate the lagged volume, the lagged transaction volume, and the lagged
return volatility to capture liquidity effects and other market frictions. We use the
natural logarithm of the dollar trading volume (Volume) of Bitcoin on Bitstamp
provided by Bitcoincharts.com to control for volume’s impact on Bitcoin returns. The
transaction volume (7ransaction) is defined as the natural logarithm of the volume of
transfers of Bitcoin between users. For volatility (Volatility), we compute it as the sum
of the squared intraday returns 7;; at the 5S-minute given sampling frequency:

Volatility, = X7, 7}, (6)
where m is the number of 5-minute intervals on day .

Inspired by Urquhart (2018) and Liu and Tsyvinski (2021), we measure investor
attention for Bitcoin with Google search frequencies. For this purpose, we download
the daily Search Volume Index for Bitcoin from Google Trends and include the natural
logarithm of google search frequency on a day (Google) as a control variable in our
analysis.

Given the findings of Liu and Tsyvinski (2021) that the number of active addresses

can also predict future Bitcoin returns, we gather address information from

11



Bitcoincharts.com and control for the natural logarithm of the number of active
addresses on a day (Address). Finally, to reduce the effect of outliers, we winsorize all

variables at the 1% and 99% levels.

2.4. Summary statistics

Table 1 reports the summary statistics of our main variables and their differences
between the bubble and non-bubble periods. Regardless of the tone, the average amount
of media coverage on a day for Bitcoin in the bubble period is always larger than that
in the non-bubble period. On average, the number of positive (negative) news reports
for Bitcoin on a given day in the bubble period is 6.2615 (3.3326), while that in the
non-bubble period is 5.2687 (2.7583). As for the total number of news reports, there are
approximately 17 reports on a typical day in the bubble period and 15 reports on a
typical day in the non-bubble period. And the differences between them are all
significant, with t-statistics larger than 4.6. Besides, the standard deviation for news
measures in the bubble period is also higher than that in the non-bubble period,
indicating the great volatility in media coverage amount during the bubble period.

Consistent with the intuition, the mean of daily returns (Ref) for Bitcoin in the
bubble period is 1.78%, significantly higher than that (0.15%) in the non-bubble period.
Also, the standard deviation for Ret in the bubble period (0.0707) is also larger than
that (0.0398) in the non-bubble period. Likewise, Bitcoin investors tend to trade more
and search more in the bubble period than the non-bubble period, and the price volatility
of Bitcoin is also higher in the bubble period than that in the non-bubble period.

Additionally, we also present the Pearson correlation coefficients among these
variables during the bubble period in Panel A of Table 2 and those during the non-
bubble period in Panel B of Table 2. The correlation coefficient between the number of
news reports and Bitcoin returns is 0.0635 in Panel A, much higher than that (0.0164)
in Panel B, which indicates the positive relationship between news coverage and
Bitcoin returns in the bubble period is stronger than that in the non-bubble period. In

contrast, it seems that news coverage is more correlated with Bitcoin’s trading volume
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and price volatility in the non-bubble period since the correlation coefficients of
Newsnum and Volume and of Newsnum and Volatility in the non-bubble period are all

larger than those in the bubble period.

3. Baseline findings

3.1. Media coverage effect on Bitcoin returns

Motivated by Tetlock (2007), we employ a VAR framework to investigate how
media coverage affects Bitcoin’s future returns in different periods. In his VAR model
for the relationship between media pessimism and stock returns, Tetlock (2007)
includes lags up to 5 days for all variables. However, one of the unique aspects of
cryptocurrency trading is that the market is open 7 days a week and is not idle on
weekends and national holidays. The lag length determined by using the Schwarz
information criterion and Hannan-Quinn information criterion is also 7 days. Therefore,
all variables in our model are lagged for 7 days. The return equation for the first VAR
can be summarized as

Ret; = a + B L7(News;) + y,L7(Ret;) + 6;L7(Volume,) + @)

0,L7(Transaction;) + 6,L7 (Volatility,) + m;L7(Google;) +

p1L7(Address;) + &,
where the dependent variable is the daily returns of Bitcoin Ref; the main variable of
interest is News, the daily amount of media coverage for Bitcoin; the control variables
include the lagged Ret, the lagged Volume, the lagged Transaction, the lagged Volatility,
the lagged Google, and the lagged Address; L7 is a lag operator which transforms any
variable into a row vector consisting of the 7 lags of the variable (L7(x;) =
[Xt—1, Xt—2) Xt—3, X¢—s) Xt—5, Xt—6, Xt—7]). Following Tetlock (2007), we assume that the
disturbance term ¢&; in this equation is heteroskedastic across time and the disturbance
terms in different equations are independent. Additionally, Newey and West (1987)

robust standard errors are utilized to account for any heteroskedasticity and
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autocorrelation in the residuals up to 7 lags.®

Our primary focus is the coefficient estimates of media coverage for Bitcoin News,
which describes the dependence of Bitcoin returns on media coverage. The results
shown in Panel A of Table 3 suggest that Bitcoin returns are significantly related to
media coverage to some degree during market exuberance but not in other periods.® In
particular, a one-standard-deviation increase in media coverage is associated with a
1.88% increase in the next day’s Bitcoin returns. Considering that the mean of Bitcoin
returns is 1.79%, the impact is of both statistical (with a t-statistic of 4.8519) and
economic significance. Another noteworthy finding of Panel A of Table 3 is that the
predictive power of media coverage on Bitcoin returns is relatively transient during the
explosive period as the coefficient estimates of other lagged News are no longer
significant at the conventional levels. In contrast, we find no evidence of a significant
relationship between media coverage and the Bitcoin return in the non-bubble period
since almost all coefficient estimates of News (except those of News.s and News.7) are
insignificant.

To better illustrate the impact of media coverage on Bitcoin returns, we present
the impulse response functions, which account for the full dynamics of the VAR system.
An impulse response function traces the effect of a one-unit standard deviation shock
to endogenous variables in the current and subsequent periods. Following common
practice, we employ the inverse of the Cholesky decomposition of the residual
covariance matrix to orthogonalize the impulses (Roll ez al., 2007). Fig. 3 depicts the
impulse 