The Effect of News on Daily Bitcoin Returns
A dictionary-based sentiment analysis of market efficiency of the Bitcoin market

By K.M.P. van Eert, BSc BA

Abstract:
Since Bitcoin gained attention of the public and media, its prices have fluctuated enormously. Literature
is inconclusive about Bitcoins characteristics regarding value determinants, causes of volatility and
market efficiency. This thesis focusses on the latter and studies the effect of news sentiment on Bitcoin
price returns, and looks how this connects with Bitcoins market efficiency. In a sample period from 2011
until the first quarter of 2019 a dictionary-based sentiment analysis was used to score the news on a scale
from positive (+1) to negative (-1), neutral being 0. Via regression and VAR-Granger analysis no
evidence was found that the sentiment of the news from leading international news providers has effect on
Bitcoin returns, neither positive or negative. The VAR model proved that previous Bitcoin returns affect
next day’s returns. Both findings suggests that the Bitcoin market, contrary to the expectations, is
efficient, which signals that the Bitcoin market is becoming more mature. This thesis carefully suggests
that Bitcoin traders tend to be loss averse. The most important finding is that negative news sentiment is
caused by previous Bitcoin returns and previous news sentiment, both positive and negative.
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1. Introduction
Bitcoin experienced its biggest boom in December 2017 which made it a hot topic. Since Satoshi
Nakamoto (2008) launched the very first block of Bitcoin on 3 January 2009, Bitcoin became more
integrated in the lives of people. The price and popularity of Bitcoin rose slowly at first, but started to rise
more quickly in November 2013 and reached its all-time high in the end of 2017, when one Bitcoin had a
value of almost $20.000 (coinmarketcap.com). The abnormal prices as well as speculations about Bitcoin
being a bubble were widely reported in the media. After this boom, the Bitcoin price decreased again to a
‘low’ $3.250 in December 2018. At the moment of writing Bitcoin prices are increasing again and
currently have a value a little under $10.000. As it shows, Bitcoin is subject to large price fluctuations.
In this regard the price path of Bitcoin differs from regular stock prices and currencies. Generally,
the price path of a stock or currency contains abnormal returns, which according to Fama (1998) partly
consist of the influence of news. After the news release stock prices slowly adjust to this new information
(Fama, 1998). The effect of the news could however be enlarged by the amount of noise traders or nonprofessional traders that are engaged in the market, since noise traders seek for reliable sources of
information to base their decisions on and are more likely to base their opinion on the information in the
news and sentiments (Shleifer & Summers, 1990). Next to that, the Bitcoin market does not close and
traders thus can join and trade at any time that suits them, which makes the Bitcoin market more
welcoming for noise traders. So the Bitcoin market should be subject to the effect of news, but compared
to regular stock and currency markets, the effect of the news could be enlarged due to the higher amount
of noise traders.
This thesis argues that price fluctuations in Bitcoin relate to the effect of news, in other words,
that the news effect as it occurs in the stock market is also applicable to the Bitcoin market. The problem
is that textual data, like news, is more difficult to incorporate in statistical analysis than numerical data.
The solution for handling textual data is the complex, but emerging field of natural language processing
(NLP) (Nassirtoussi, Aghabozorgi, Wah & Ngo, 2015). Natural language processing handles written text
and transforms it into data via various techniques, bringing out information that was hidden in written text
(Li, Xie, Chen, Wang, & Deng, 2014; Li, 2006). To measure a news effect, textual analysis was therefore
used in order to determine the sentiment of the news and score it.
The two most important sentiments that are studied are investor sentiment and textual sentiment,
from which the first is used more often. Investor sentiment contains beliefs from investors about future
cash flows and investment risks which cannot be rationalized (Baker and Wurgler, 2007). Textual
sentiment detects the degree of positivity or negativity in texts, sometimes also referred to as the tone of
the text (Kearney & Liu, 2014). This thesis focusses on the latter, the textual sentiment of news.
4

Sentimental values are abstracted out of a corpus consisting of news items about Bitcoin from the last 8
years. The sentiment values per day then are regressed on the Bitcoin price in order to measure the effect
of the news.
This thesis finds that the news sentiment, positive as well as negative, does not have an effect on
Bitcoin returns and therefore on the Bitcoin price change. From this and other signs, this thesis however
finds hints that the Bitcoin market is efficient and thus becoming more mature. Lastly this thesis finds that
the negative news sentiment can be explained by previous Bitcoin returns, previous negative news
sentiment and inversely by previous positive news sentiment. These findings firstly contribute to the very
new research agenda of sentiment analysis in finance that applies innovative approaches and models that
still need to be examined further (Kearney & Liu, 2014). Li, Xie, Chen, Wang, & Deng, (2014) state that
indeed more institutions and investors rely on the high processing power of computers for analysis.
Outcomes and predictions made by such mechanical text handling help investors to filter out the noise
and make wiser decisions regarding their investments (Li et al., 2014).
Next to that, this thesis contributes to the search of finding the predictors of Bitcoins future value,
which hopefully brings us closer to finally being able to determine its intrinsic value. This thesis does so
from the relatively new perspective of natural language processing. The information about the
relationship between news sentiment and Bitcoin returns can also contribute to research about positive
and negative sentiments that are used as trading strategies.1
The next chapter reviews the literature around three topics. The first section focuses on the basics
of Bitcoin and discuss its status and problems as proposed in current literature. The second section
focuses on the effects of news in markets and the effects of noise traders in markets. The market effects of
news are then discussed in the light of the Bitcoin market. In the third section the current literature around
the sentiment analysis of news in finance is discussed and the chapter ends with deriving the hypotheses.
The method chapter elaborates on the used data, the process of text mining, conduction of the sentiment
analysis, and the regression that combines the sentiment of the news with the Bitcoin prices. Thereafter
the empirical results of this regression are noted and discussed. The last chapter contains the conclusion
and recommendations for further research based on the limitations of the found results.

1

see section 5.5 of Kearney & Liu (2014).
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2. Literature Review
This chapter is split up into four parts and first explains the origin and important features of Bitcoin. It
continues with literature about the effect of news in stock and currency markets, and applies that to the
Bitcoin market. Thirdly an overview of related work in the research field of text mining in finance is
given, and lastly the hypotheses and expectations are provided.

2.1 Bitcoin
As mentioned in the introduction Satoshi Nakamoto 2 came up with the idea of Bitcoin in 2008 and
launched the first block in 2009. The goal was to decentralize money to be autonomous from the authority
of banks and to reduce transaction costs (Nakamoto, 2008). In order to be so, Nakamoto (2008) invented a
peer-to-peer electronic cash system in his paper, which needed to be self-sustainable and partially
anonymous. Bitcoin is a digital currency, which means that there are no tangible features, hence no coins,
no banknotes and no actual banks to go to, only digital traces. The digital currency is secured via the use
of cryptography to ensure its safety (Chuen, 2015; Farell, 2015). Bitcoin is not the only cryptocurrency
that exists, but is the most successful one so far. 3
The technology behind Bitcoin is the use of blockchain. The blockchain technology consists of
several identical datasets that are stored on a computer network. All these datasets are updated when a
transaction occurs. A new transaction record adds a new ‘block’ to the chain of existing transactions.
These chains of data are the datasets that are stored on the computer network. If one computer of the
network unexpectedly turns off or gets hacked, the dataset with the transaction records (the public ledger)
will remain on the other computers. If the fallen out computer connects to the network again or when the
hacker makes a change in the chain, this is noticed and the correct ledger is updated to the computer
(Iansiti & Lakhani 2017). If you want to hack Bitcoin, you must hack the entirety of the network at once,
which is nearly impossible (Dinh, Liu, Zhang, Chen, Ooi & Wang, 2018).
With the use of the blockchain technique a transaction therefore does no longer rely on the trust
between the buyer and seller, but relies on trust in the technology and transparency of blockchain. Next to
that, it solves the problem of spending one Bitcoin twice, since after every transaction the public ledger is
updated. Bitcoin thus totally functions in a decentralized way.
But could Bitcoin replace regular currencies? Regular currencies fulfil three functions: being a
medium of exchange, being a store of value and being a unit of account. According to Yermack (2013)
Bitcoin fails to satisfy these criteria. Ammous (2018) states that a digital currency like Bitcoin has an
inflexible and limited supply and a very fluctuating demand, which results in Bitcoin being too unstable
2
3

Satoshi Nakamoto’s real identity is still unknown.
For information on the mining of Bitcoins, see Badev & Chen (2014) or chapter 3 of Chuen (2015).
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to be used as a unit of account. Ammous (2018) however states that Bitcoin is the only cryptocurrency
that can serve as a long term store of value, due to its credible monetary policy. As Bjerg (2016) nicely
put it: “Bitcoin is a commodity money without gold, fiat money without a state, and credit money without
debt”.

2.1.1 Volatility and price determinants

The price of Bitcoin has shown enormous fluctuations in the past, as can be seen in Figure 1. Research on
the volatility of Bitcoin states that the price of Bitcoin on average has been highly volatile and that
Bitcoin’s volatility is greatly higher than in the widely used regular currencies (Dwyer, 2015; Yermack,
2013; Sahoo, 2017). Donier and Bouchaud (2015) state that the Bitcoin market crash of April 2013 was
caused by the market liquidity On the other hand Blau (2018) finds that speculative trading did not
influence the rise and crash in Bitcoin’s value during 2013. Wei (2018) finds that as liquidity increases in
Bitcoin volatility decreases, but Bariviera, Basgall, Hasperué and Naiouf (2017) find that liquidity has no
effect over the long term.
The contrasting findings above indicate that the debate around the volatility of Bitcoin is not yet
solved, but volatility in markets is generally caused by public information (French & Roll, 1986). Despite
the current disagreements, Bitcoin is found to be an important factor in volatility connectedness between
different cryptocurrencies (Yi, Xu & Wang, 2018; Koutmos, 2018).

Figure 1. Price path of Bitcoin in USD from January 2011 – March 2019. Source: Yahoofinance.com
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The observed volatility in prices is linked to the value determinants of Bitcoin, about which a lot
of discussion is going on in literature. Some studies found that the value of Bitcoin is driven by
macroeconomic factors in the long run (Alvarez-Ramirez, Rodriguez & Ibarra-Valdez, 2018), others
found that macroeconomic factors do not affect the Bitcoin price (Ciaian & Rajcaniova, 2014; Sukamulja
& Sikora, 2018). Yermack (2013) found that the price of Bitcoin is highly correlated with its trading
characteristics, its supply and its demand. Next to that, it was found that Bitcoin has no correlations with
regular currencies or gold, making it useless for risk management (Yermack, 2013). However Dyhrberg
(2016) states that Bitcoin may be useful in risk management and ideal for risk averse investors, who
anticipate negative shocks to the market and Dwyer (2015) states that monthly standard deviations of
daily returns do show some overlap with those of gold and currencies, contradicting both findings of
Yermack (2013).
Other studies find that Bitcoin has characteristics of a speculative asset and has become more
popular as such (Katsiampa, 2017; Dyhrberg, 2016; Yermack, 2013). Therefore the behaviour of
investors significantly influences the value of Bitcoin and should be studied further (Eom, Kaizoji, Kang
& Pichl, 2019). This thesis hypothesizes that news, affecting the decisions of Bitcoin traders in the
market, has an influence on the Bitcoin price and therefore returns.

Figure 2. Percentage of total market capitalization of Bitcoin and other cryptocurrencies from May 2013
– March 2019. Source: Coinmarketcap.com (accessed 02-07-2019)
The scepticism regarding Bitcoin mainly concerns its ability to be adopted as a regular currency,
lack of regulation and the level of safety (Plassaras, 2013). And, on another level, its energy consumption.
Mining Bitcoins costs a lot of energy. According to the Bitcoin Energy Consumption Index an amount of
8

69.79 TWh per year, which is a little less energy than Columbia consumes in one year (via
digiconomist.net, 2019). Also the volatility and value determinants of the Bitcoin price remain an
unsolved issue. Lastly, Bitcoin is not the only cryptocurrency in the market. Figure 2 above gives an
overview of the market share of Bitcoin and shows that other cryptocurrencies like Ethereum, Litecoin
and Ripple (XRP) are gaining ground.

2.2 The effect of news in the market
Since Bitcoin gained more and more attention over the last years, this thesis uses the textual sentiment
from news, a form of media-expressed sentiment. The reasons to do so is because news is professionally
and precisely written, reaches a broad public, focusses on the short term sentiment, and gives a marketlevel view at a certain date (Kearney & Liu, 2014). Downsides of news in general are that it does not
always capture the information of insiders like corporate documents do, and that news is focussed on
events in the past. Another form of media-expressed sentiment is internet-expressed sentiment. This was
not used because the internet is unregulated, all sorts of traders can openly display their views and
opinions, and is therefore not likely to contain any new information (Kearney & Liu, 2014).
Regarding the effect of news in finance the most important theory is the efficient market
hypothesis (EMH) developed by Fama (1970). According to this theory a market price is efficient if it
reflects all available information. If markets are perfectly efficient regarding a certain source of
information, then this is all reflected in the price and traders could not benefit from new information of
this type (Teall, 2013). This would mean that it is impossible to benefit from information of news items
since it would already be incorporated in the price. However, according to Teall (2013) the time for the
market to adjust to the new information should also be taken into account, because during that time
traders have the chance to make a profit of the new information.
Important to notice is that next to a market being efficient, stock prices follow a random walk
(Fama, 1995). In the random walk model it is proven that historical price patterns do not predict future
price behaviour, but follow a stochastic trend. This causes price movements in the short term to be
indistinguishable from random movements (Schumaker, Zhang, Huang, & Chen, 2012). The intrinsic
value of a security can thus never be determined exactly and vary over time as a result of new
information. If the market is however efficient, stock prices at any point in time represent good estimates
of intrinsic value and additional analysis is useless unless there is new information, like news (Fama,
1995). In taking new information into account, stock prices tend to adjust slowly so a longer time period
must be taken into account to be able to state if a market is inefficient (Fama, 1998). In doing so, an
overreaction to the new information is as common as under reaction (Fama, 1998).
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According to the literature mentioned above, it is safe to say that news influences stock prices to a
certain extent. After examining firm-specific news releases Nofsinger (2001) found that investors conduct
a high degree of trading around news releases. He also found that individual investors mostly trade on
positive news. Chen, Chiang and So (2003) notice that negative news about the US market however has a
stronger effect on the price than an equal amount of positive news.
Next to these neoclassical theories behavioural finance suggests that theory of noise traders too
affects the price. This theory is critically reviewed by Shleifer and Summers (1990), who define noise
traders as “investors are not fully rational and their demand for assets is affected by their beliefs or
sentiments that are not fully justified” (p.19). They believe that this causes trading patterns of noise
traders to be subjective to systematic biases, and that noise traders are thus more sensitive to news. This
causes noise traders to have the tendency to chase trends, which means buying when prices rise and
selling when they fall (Shleifer & Summers, 1990; Friedman, 1953). Venezia, Nashikkar and Shapira
(2011) conclude that among noise traders 4 herd behaviour is more likely to occur relative to professional
traders, resulting in other noise traders imitating the lucky noise traders who earned high returns. Venezia,
Nashikkar and Shapira (2011) also find that herd behaviour increases market volatility.
The opposite from trend following noise traders are loss averse traders. They trade anticyclical
and are more likely to sell when prices rise and buy when prices fall (Tversky, & Kahneman, 1991).

2.2.1 Timing of news effects

Stock prices do not immediately adjust to news releases, but tend to drift over time in same direction as
the news (Vega, 2006). Next to that, Chen et al. (2003) find that traders and markets need time to react to
news, and that news needs time to spread, e.g. from the US to Japan or Europe. Still, the public
information that is expected to cause volatility is more likely to arrive during normal business hours
(French & Roll, 1986). This would mean that there is a continuous stream of news items being released if
a worldwide market is observed.
Koch and Koch (1991) have studied this phenomena via close-to-close returns over time zones
and found that there is a high degree of international market efficiency. Koch and Koch (1991) find many
significant intermarket relationships in the consecutive 24 hours, and only few significant lagged
responses across markets beyond 24 hours. This indicates that within 24 hours news effects have been
processed in markets.
When looking at more recent studies, Chan, Chhagan & Marsden (2017) found the impact of
news released in the Asia pacific or in the US spreading rapid across currencies. Köchling, Müller and

4

In their paper called amateur traders.
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Posch (2019) discover that in cryptocurrencies the average price delay significantly decreased over the
last three years.

2.2.2 The effect of news applied to the Bitcoin market

The Bitcoin market does nevertheless differ from a regular stock or currency market on certain aspects.
The most important difference for this thesis is that Bitcoin does not have any insiders that produce
official documents, since Bitcoin is decentralized and not regulated. This causes news to be one of the
few reliable information sources for traders to base their decisions on. The disadvantage of using news in
general is that it does not forecast or display expectations. However, news about Bitcoin tends to be likely
to look at the future use of Bitcoin or the incorporation in our daily lives. Another important difference
with the stock or currency market is that Bitcoin exchanges are continuously open, whereas stock and
currency markets close outside business hours.
If we consider the market efficiency regarding Bitcoin, literature suggests that Bitcoin does not
behave in line with the efficient market hypothesis and is inefficient (Charfeddine & Maouchi, 2019;
Kurihara & Fukushima, 2017). In other words, the Bitcoin price does not accurately reflect the true value,
which would imply that not all news is reflected in the Bitcoin price. Cheah and Fry (2015) even state that
the fundamental value of Bitcoin is equal to zero. Urquhart (2016) agrees with Bitcoins inefficiency
regarding his full sample, but in the latter part of his split sample he finds that Bitcoin is transitioning
towards an efficient market. Kurihara and Fukushima (2017) also suggest that Bitcoin returns are
becoming more efficient, which would mean that news indeed is reflected in the price.
Regardless of Bitcoins market efficiency, Katsiampa (2018) has found that Bitcoins volatility is
responsive to major news. Another cause of volatility in the market are noise traders, who can be
summarized in the combination of chasing trends and herd behaviour (Venezia, Nashikkar & Shapira,
2011). Bringing these together, it seems that Bitcoins extremely high volatility attracts noise traders to the
market who respond to major news. The study of Baur and Dimpfl (2018) about volatility in
cryptocurrencies confirms this. They namely find that positive shocks increase volatility more than
negative shocks do, thanks to noise traders who are subject to the ‘fear of missing out’ (FOMO), which
essentially comes down to herd behaviour.
When taking noise trading, news effects, volatility and news timing into account regarding the
efficiency of the Bitcoin market, Li (2006) finds that efficiency can best be tested via text analysis. Many
economic numerical measures are highly correlated which makes it harder to clearly see which variable
affects what. On the contrary, text-based information is more independent from numerical measures and
hence more appropriate for testing a markets efficiency. Related work on text mining in finance is
therefore reviewed in the next section.
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2.3 Related work of sentiment analysis in finance
The method of handling textual data is an interesting and emerging research field (Li, Xie, Chen, Wang,
& Deng, 2014). Usually the methods of text analysis are employed in the field of communication and
marketing, but also in finance the information obtained from text can be helpful, for example in making
predictions about (stock) prices (Chan & Chong, 2017).
The majority of the studies that use sentiment analysis in finance focus on the stock market
(Kearney & Liu, 2014). Tetlock (2007) was first to relate the sentiment of mass news from Wall Street
Journal news to stock price movements. Later Garcia (2013) looked at news from The New York Times.
Both focussed on general economics and finance news. Engelberg, Reed and Ringgenberg (2012),
Tetlock, Saar-Tsechansky & Macskassy (2008) and Sinha (2010) all studied if specific news about a US
firm influenced the its stock price. Ferguson, Philip, Lam and Guo (2015) did the same for a pool of UK
firms, retrieving their news from The Financial Times, The Times, The Guardian, and Mirror. A more
detailed overview of this research field is given in the studies of Kearney and Liu (2014) and Guo, Shi
and Tu (2016), who also incorporate studies about the effect of social media sentiment on stock prices.
The complex and time-varying relationship between textual sentiment and price paths remains an
important and promising area of study. Accordingly it is suggested to use the methodology of textual
analysis and corresponding effect data in another field than the stock market, for example in bond,
commodity and derivative markets (Hagenau, Liebmann & Neumann, 2013; Kearney & Liu, 2014). This
is done by Peramunetilleke and Wong (2002) and Nassirtoussi et al. (2015), which both focus on foreign
exchange markets. The lower number of studies using sentiment analysis on foreign exchange markets
can be explained by the lower amount of available textual data on currencies, especially when compared
to the amount of available textual data about company stocks.
Regarding this available amount of textual data, Bitcoin has the best of both worlds: there is
enough news and the market significantly differs from the stock market. This makes it possible to
examine whether effects apply to the Bitcoin market in the same way as in the stock market. Though not a
lot, some news sentiment research has been done on cryptocurrencies or Bitcoin specifically, for example
the effect of macroeconomic news (Corbet, Larkin, Lucey, Meegan & Yarovaya, 2018). Another research
that employs a lexicon based sentiment analysis 5 on English articles mentioning the word Bitcoin, is the
one from Polasik, Piotrowska, Wisniewski, Kotowski and Lightfoot (2015). They discover that the
popularity of Bitcoin, number of transactions and the sentiment expressed in the news are drivers of
Bitcoin’s returns. Despite also using Bitcoin mentioning news, Polasik et al. (2015) use a monthly

5

The methodology of a lexicon based sentiment analysis is explained in the method chapter (section 3.2.3).
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percentage change in the number of searches and a monthly tone, abstracted with a smaller dictionary, as
a proxies for the sentiment.
The study that comes closest to the goal of this thesis is the one from Karalevicius, Degrande and
De Weerdt (2018). Via a lexicon based sentiment analysis they measure the interaction between sentiment
of news items and the Bitcoin price. Karalevicus et al. (2018) find that such an interaction exists and that
investors are likely to overreact. The difference with thesis and the study of Karalevicus et al. (2018) lies
in the choice of news items. Where Karalevicus et al. (2018) look at expert media articles, this thesis
looks at regular news items from leading international news providers, which cover a wider reach.

2.4 Hypotheses

Considering the undecidedness in the aforementioned literature about the price determinants of Bitcoin
(section 2.2.1) and its market inefficiency (section 2.2.2) there is a reasonable chance that news has an
impact on the Bitcoin price. Katsiampas (2018) research confirms that Bitcoin is responsive to major
news, so it is likely that Bitcoin prices are also responsive to news about Bitcoin. Before testing the
effects of positive and negative news sentiments separately, an overall regression tests the expectation
that the Bitcoin market is inefficient with respect to the effect of news. This results in the following
hypotheses:
H1. The Bitcoin market is responsive to news sentiments.
H2. A positive news sentiment causes Bitcoin price returns to go up.
H3. A negative news sentiment causes Bitcoin price returns to go down.
In these hypotheses the positive sentiment is separated from the negative sentiment, because noise traders
follow trends (Venezia, Nashikkar & Shapira, 2011; Baur & Dimpfl, 2018). Since noise traders base their
trading strategy on beliefs and sentiments (Shleifer & Summers, 1990), they are likely to buy when the
news sentiment of Bitcoin is positive and sell when the sentiment is negative. According to this, the
demand for Bitcoin, and thus its price, should increase when the news sentiment is positive, hence
hypothesis 2. The same effect holds vice versa for a negative news sentiment, hence hypothesis 3.
For the effect of a positive news sentiment a positive relation with Bitcoin price returns is
expected: if the news sentiment is more positive, Bitcoin returns are likely to increase. Regarding the
negative news sentiment a positive relation is expected too. When a negative news sentiment score gets
higher, the news gets less negative (i.e. more positive) which should positively influence the Bitcoin price
returns. The other way around, when a negative news sentiment score gets more negative, Bitcoin returns
are more likely to decrease. This means that coefficient then is expected to be positive, since a negative
sentiment score itself already has a negative sign.
13

While previous research mainly focussed on the stock market, this thesis deviates from the beaten
track to explore the use of sentiment analysis in the unique market of cryptocurrencies, focussing on
Bitcoin specifically. In deviating from the beaten track I am not alone, but in the good company of the
studies of Corbet et al. (2018), Plasik et al. (2015) and Karalevicus et al. (2018). However, they focus on
general macroeconomic news effects, (the change in) monthly news, and expert news effects respectively.
This thesis explores the effect of the daily sentiment of Bitcoin news, published by leading
worldwide news providers, on the prices of Bitcoin. This is done by testing the hypotheses via regression
analyses, after the sentiment of the news items is determined. The next chapter explains the methodology
that was followed to obtain the results.
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3. Data & Methodological Approach
3.1 Data
3.1.1 Bitcoin

The historical data of Bitcoin prices (abbreviated as BTC) is publicly available and retrieved from Yahoo
Finance. Bitcoin’s first block (the genesis block) was built at 03-01-2009 (Frankenfield, 2018), but the
earliest data available starts from 17-07-2010 (Yahoo Finance). Despite that, the start of the time series
sample is set at 01-01-2011 since this is the earliest date the news database incorporates. The end date is
set after the first quarter of 2019, at 31-03-2019, which results in a time frame of eight years and three
months. Bitcoin exchanges are continuously open, so each day has its own opening and closing price. The
opening price is stated at 0.01h UTC and the closing price is stated at 23.59h UTC. 6 This results in a total
of roughly 3000 observations. The Bitcoin prices are expressed in US dollars.
Both the daily closing price and the adjusted daily closing price, respectively adjusting for splits
and for both splits and dividends, are suited to use. Bitcoin namely does not have dividends nor splits,
which causes both closing prices to be equal. The price effect of Bitcoin is measured by Bitcoins returns,
which are calculated by taking the natural logarithm of two consecutive prices, showing the relative
growth rate (Urquhart, 2016; Bariviera et al., 2017; Katsiampa, 2017). The returns are calculated via the
following formula:
𝑃𝑃𝑡𝑡
� ∗ 100
𝑃𝑃𝑡𝑡−1

(1)

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = log �

where BTCrett is the return of Bitcoin, ln (Pt) and ln (Pt-1) are the natural logarithms of the Bitcoin price
at time t and t-1. A graph of the Bitcoin returns is shown in Figure 3. The summary statistics of Bitcoin
over the full sample period, as well as over three subsample periods are displayed in Table 1 and show
that Bitcoin’s overall mean return positive (0.317). The period breaks for the subsample periods are
based on the development of the Bitcoin price (Figure 1 in section 2.1.1).
Table 1.
Summary statistics of Bitcoin returns over the full sample period and three subsample periods.
Sample period
N
Mean
Median
SD
Min
Max
1/1/2011-31/03/2019

3004

0.317

0.189

6.533

-84.876

147.440

1/1/2011–31/12/2012

729

0.522

0.031

7.158

-49.153

42.459

1/1/2013–31/12/2016

1457

0.293

0.181

7.181

-84.876

147.440

1/1/2017–31/03/2019

818

0.177

0.297

4.500

-18.917

22.762

6

Coordinated Universal Time: 0° longitude, not adjusted for daylight savings, often used as synonym for GMT.
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Figure 3. Return of Bitcoin in USD from January 2011 – March 2019. Source: Yahoo Finance
Figure 3 above shows that the returns are fairly evenly distributed over time, with the exception of the
first months of 2014. Based on the stationarity of returns the full sample will be taken into account.
Histograms for normality from the full sample and subsample periods are displayed in Appendix IV, as
well as the return distributions of the subsample periods.

3.1.2 News items

In searching and retrieving the news items, the Nexis Uni database 7 was used. This database contains
news from newspapers, digital news and newswires of the last ten years. The database covers a wide
range of news providers. It includes publication types of news items such as news articles, blogs and web
news which are presumed to influence Bitcoin (noise) traders (Shleifer & Summers, 1990; Venezia et al.,
2011). The Westlaw International database 8 was used to retrieve the news items from The Economist.
News items were selected if they contained the word ‘Bitcoin’ at least once.
Full text news items from nine large international news providers are extracted from the start of
the database up until the first quarter of 2019. This gives a period range of 01-01-2011 until 31-03-2019.
The advantage of using full text over just headlines is that the scope and sentiment can be caught in a
more realistic way. Headlines give too little information to properly interpret and abstract the sentiment of
the news. The advantage of worldwide leading international news providers is that the news is more
generic and covers a wider range of people.

7
8

By LexisNexis.
By Thomson Reuters.
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The aforementioned news providers of choice are Bloomberg, New York Times, Forbes, The
Economist, Financial Times, China Daily, The Korea Herald, The Japan News and Australian Financial
Review. They are further specified in Table 2, which also displays their properties. According to the
criteria explained below the table, the number of observations regarding the news items is little under
7400. The selected news items were downloaded per date as separate PDF files with the bare minimum
layout, which comes in handy when using text analysis techniques.
Table 2.
Properties of news providers.
News provider

Country

Political preference

Focus

Bloomberg

US

Neutral

Business news agency

New York Times

US

Skews slightly left

Daily newspaper

Forbes

US

Skews slightly right

Bi-weekly business magazine

The Economist

UK

Skews slightly right

Weekly newspaper on worldwide news

Financial Times

UK

Neutral

Daily international business newspaper

China Daily

China

Skews slightly right (but

National English language daily

more liberal than most

newspaper (also international news)

Chinese newspapers)
The Korea Herald

South Korea

Skews slightly left

National English language daily
newspaper.

The Japan News

Japan

Skews slightly right

National daily newspaper Yomiuri
Shimbun, but only English items.

Australian

Australia

Skews slightly left

National daily newspaper.

Financial Review
Sources: Media Bias Chart and news providers’ websites.
These news providers were chosen because of their mix of political opinion, which is based on the Media
Bias Chart, version 4.0 (Otero, 2018) and the websites of the news providers. The Media Bias Chart can
be found in Appendix II. Next to that, a wider sample of news providers is preferred, since it decreases
the chance of abstracting a biased sentiment in not representing the overall market (Kearney & Liu,
2014). The Media Bias Chart also indicates that all chosen news providers report news facts or fair
interpretations of the news facts (Otero, 2018). Reporting fair interpretations means that the news is
represented in an unbiased way, which makes the news providers reliable and trusted.
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The fairness and reliability of the news providers make it very unlikely that the news items
contain opinion spam9 that distorts the sentiment. Another criteria that is fulfilled is that all national or
international news providers publish in English and are located all over the globe. At last, the chosen
news providers have at least a slight focus on business and/or financial news.
The criteria of the news items to be written in English and having a focus on business or financial
news were the most leading criteria for selecting the news providers from China, South Korea, Japan and
Australia. The chosen news providers are the ones that were financially oriented and generated the most
news items in English on Bitcoin over the last years in their country. Table 3 shows some characteristics
and basic figures of the used news sample.
Table 3.
Basic figures on the used news items
News period
Number of days in the period
Total number of news items
Financial Times (Londen, England)
The New York Times
Forbes.com (Forbes, incorporated)
Bloomberg: TV
Australian Financial Review
Bloomberg: surveillance show
The New York Times Blogs
New York Times – International Edition
The Economist
China Daily
Korea Herald
WebNews – English
Forbes Indonesia
China Daily – Africa Weekly
China Daily European Edition
China Daily – US Edition
WebNews – Academic
Forbes
The Japan News
China Daily (Hong Kong Edition)
Unknown

01/01/2011 – 31/03/2019
3004
7391
1739
1637
939
366
588
233
435
274
230
200
141
112
12
94
75
70
70
57
52
51
44

Other considerations of news providers were Al-Jazeera, an international news provider from
Quatar, and Wall Street Journal, a slightly right skewed newspaper from the US. Both are not available in
the Nexis Uni database. The Wall Street Journal is therefore “replaced” by Forbes, which is also a slightly
right skewed news provider from the US, but publishes bi-weekly instead of daily. This cannot be seen as
Opinion spam usually occurs in (movie) reviews or (hotel) ratings and should be considered when analyzing
sentiment.

9
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a problem, since news is considered to be read and have effect in a short timeframe after its publishing
date (Koch & Koch, 1991).
News agencies such as Reuters, Associated Press, Agence France Presse, Xinhua and Naver are
not used. News agencies are not all gathered in one database, and newspapers often publish the articles
from news agencies. It can be seen as an exception that Bloomberg is a part of the data sample, because
newspapers sometimes publish articles from Bloomberg. The reason to still add Bloomberg to the sample
is because it was founded especially to publish financial and business news.
It must be noted that if it is the case that two news items from a different news provider are very
alike or if a news item is published twice on the same day, these duplicates are both kept in the sample
since it can then reach more people and have more the impact. Examples of these duplicates are that
China Daily publishes their news items in a regular edition, an Africa Weekly, a European Edition, US
Edition and a Hong Kong Edition. The Financial Times London too publishes internationally. Next to its
national edition the Financial Times has publications for the US, Europe, Asia and the Middle East. Not
all their news items are always published in every region. The New York Times also has a regular edition,
international edition and publishes the New York Times Blogs. If there cannot be found a clear reason to
publish an item twice, the duplicate is removed from the sample.

3.2 Steps towards the sentiment analysis of news
The retrieved news items about Bitcoin have been classified as positive or negative via a sentiment
analysis. Sentiment analysis is a form of text mining, which in turn falls in the field of natural language
processing (NLP) and is, scientifically speaking a form of content analysis. This section first explains
different types of text mining, then the details of the text mining process and lastly the method of
sentiment analysis.

3.2.1 Different types of text mining

In text mining relevant information is to be extracted out of a text (Hurwitz, Nugent, Halper, & Kaufman,
2013). The technique of text mining can be divided into four categories. Each of these categories looks at
the textual data in a different way. The first category is descriptive analytics, which looks at information
with hindsight in order to figure out what happened. The second category is diagnostic analytics, which
has the goal to give insight in textual information to figure out why something happened. The third
category contains predictive analytics, which also provides insight, but on what probably will happen in
the future. The fourth and last category of textual data is prescriptive analytics that has the goal to give
foresight in how we can make certain things happen (Gartner, 2013). Text mining is sometimes called
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‘knowledge discovery’ since it tries to discover hidden patterns or knowledge in (unstructured) text data.
This is an important part of the natural language processing field (Kaur & Chopra, 2016).

3.2.2 Text mining process

Before being able to properly determine the sentiment of a news item, the text of the news item needs to
be pre-processed. Here the advantage of news being more professionally written than internet messages
comes into play. News items require less pre-processing time, due to their accuracy, reliability and
unambiguity (Kearney & Liu, 2014). Next to that, the amount of sarcasm, hashtags and emoji’s that cause
trouble in interpreting the sentiment and must therefore be dealt with in the pre-processing phase, is
significantly lower or even non-existent in news items.
The whole text mining process consists of three main steps of collecting, preparing and analysing
the data. The details of the first step of data collection is described in in section 3.1.2. This section
focusses on the second step, preparing the data. This means that the data needs to be pre-processed and
cleansed. This study follows the steps that are applied in all text mining studies, for example as described
in Kotu & Deshpande (2014). These steps include transforming cases, tokenizing, filtering stopwords and
stemming the tokens. The details of each step are explained in more detail in Appendix III.
After pre-processing the textual data, the news items can now be analysed. Among the various
analysing techniques are text classification or categorizing, knowledge discovery, sentiment analysis,
semantic analysis, and some others (Kaur & Chopra, 2016). In examining the effect of the news on the
Bitcoin price, a sentiment analysis fits best. This is explained in the next section.

3.2.3 Sentiment analysis

The goal of a sentiment analysis is to capture the tone of the text. Sentiment analysis falls in the text
mining category of descriptive analysis (see 3.2.1), since it analyses news items in hindsight. The goal of
a sentiment analysis is to extract the emotional content and the tone of the text, which is expressed as
either positive, neutral or negative. The news items get scored on a scale that represents the polarity of an
item, where the polarity ranges from very negative (-1), neutral (0) to very positive (+1). This way
qualitative textual data gets quantified with a sentiment score. The technique of sentiment analysis can be
used on different levels of the text, ranging from document level to sentence or even sub-sentence level.
This thesis scored the sentiment per news item, because of their variation in length. This makes it a
document level sentiment analysis.
A sentiment analysis can be lexicon based or via machine learning (Figure 4). Lexicon-based
means that a (sentiment) word and its occurrence in the text is analysed. Machine learning classifies
textual data based on a model that is trained. A trained model needs to be built with data that is both
20

related to the topic and reveals information about the sentiment (Li et al., 2014; Li et al., 2017; Kearney &
Liu, 2014). Since no such training set exists for Bitcoin news items and there is not yet enough data (and
time) to train such a dataset, the lexicon based approach to sentiment analysis is used in this thesis.
Readability measure tests the degree to which a given group of people find a text compelling and
comprehensive, and looks at the number of (complex) words per sentence (McLaughlin, 1969). For this
research the sentiment of a text was hence abstracted via a dictionary-based approach.

Figure 4. General method for textual (sentiment) analysis. Source: Guo et al. (2016).
Regarding the dictionary based approach there are several ways to treat a text in order to extract
the sentiment. The most basic but labour intensive method is to manually label words as positive or
negative in order to build your own dictionary. The most common and easy to employ method is the bagof-words model, which uses pre-defined dictionaries to catch the tone of the text (Hagenau et al., 2013;
Nam & Seong, 2019). These pre-defined dictionaries have word lists based on synonyms for every word,
and in some cases also antonyms (Zhang, Ghosh, Dekhil, Hsu & Liu, 2011). Among the pre-defined
dictionaries there are general dictionaries and domain specific dictionaries, in which domain experts
manually classified the most relevant words and sentiment for a specific domain (Tetlock et al., 2008).
Another method is to use linguistic rules to predict a sentiment, and then apply that to your text corpus via
projection (Denecke, 2008).
This thesis uses the dictionary-based approach of the bag-of-words model. The text itself is seen
as a bag containing words, which are matched with the words from the dictionary via the algorithm of a
computer program in order to extract a sentiment (Li, 2010; Li et al., 2014). Dictionaries like
SentiWordNet or Harvard-IV contain words that express sentiment. However, results of sentiment
analyses tend to be significantly stronger if a domain specific or customized dictionary is used (Henry,
21

2008; Loughran & McDonald, 2011). This thesis therefore uses the Loughran and McDonald (L&M)
dictionary that selected sentiment words for the domain of finance and accounting (Loughran &
McDonald, 2018). 10 The used dictionary contains 357 positive words and 2355 negative words.
Next to the dictionary, an important choice lies in the weighting of the sentiment words. This
thesis uses a term-frequency-inversed-document-frequency (TF-IDF) weighting. TF-IDF is a standard
weighting factor in information retrieval (Chan & Chong, 2017; Loughran & McDonald, 2011). It
weights words in order to reflect the relative importance of the word with respect to the document, in
other words: it reflects how (un)usual a term is. Using just the term frequency 11 of sentiment words would
not be representative, since an often occurring word is not necessarily meaningful, and since all news
items vary in length, which distorts the frequency. Using the inverse document frequency corrects for this.
The TF-IDF is calculated via the following formula:
𝑇𝑇𝑇𝑇 − 𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡, 𝑑𝑑) =

1+log�𝑡𝑡𝑡𝑡𝑡𝑡,𝑑𝑑 �
∗
1+log(𝑎𝑎𝑑𝑑 )

1+log�𝑡𝑡𝑡𝑡𝑡𝑡,𝑑𝑑 �
�
1+log(𝑎𝑎𝑑𝑑 )

The first part �

𝑁𝑁
�
𝑑𝑑𝑑𝑑𝑡𝑡

(2)

log �

represents the normalized term frequency in a document, which is then

multiplied by the second part, the inversed document frequency: 𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑁𝑁
�.
𝑑𝑑𝑑𝑑𝑡𝑡

In this equation tft,d is the

frequency of term t in document d, ad is the average count of terms in documents d (average word count),
N is the total number of documents, and dft is the number of documents the term t occurs in (Manning &
Schütze, 1999; Chisholm & Kolda, 1999; Loughran & McDonald, 2011; RapidMiner, 2019).
In this way a term is weighted against its relative importance in the text. A high TF-IDF (with a
maximum of 1) means that a word occurs often in the document, but less often in the other documents.
This makes a word important in the text and relevant to use in text analysis (Chan & Chong, 2017).
Loughran and McDonald (2011) prove that this weighting method fits better than using simple
proportions.
Also important to note is the issue of negation. When a sentence contains an expression like ‘not
good’ then good gets scored as a positive word in the sentiment analysis, while it should be negative. To
solve this issue and shift the polarity when a sentence contains a negation, a list of negators was added to
the sentiment analysis model. The used negators are based on research of Tottie (1993) and contain words
as ‘not’, ‘no’ or ‘never’. A complete list can be found in Table A3.1 in Appendix III. For each negation a
four word window is used (Chan & Chong, 2017). A sentiment word occurs within this window, the
polarity of the word is shifted.
The 2018 edition of the Loughran and McDonald SentimentWordLists was used, to which the words ‘grow’,
‘growth’, and ‘growing’ were manually added.
11
Term frequency and other alternative weighting schemes are described in Appendix III.
10
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After extracting and weighting the features, their score was aggregated into a net daily sentiment
score. Since this thesis focusses on the effect of news on daily Bitcoin prices, the sentiment scores of the
news items are summed per day. Each day thus gets a sentiment score, based on the news items published
on that day. If no news about Bitcoin was published then a 0 is noted for that date, indicating a neutral
sentiment. Summing the sentiment scores per date has as a consequence that it is possible for the daily
sentiment score to be larger (smaller) than +1 (-1).
The summary statistics in Table 4 show that the mean of the sentiment is negative. This means
that the overall polarity confidence regarding Bitcoin is -0.045. Regarding the subsamples containing
respectively only positive news sentiments and only negative news sentiments, it is observed that there
are far more days in which the news sentiment is negative. The timeline and histogram for the full sample
of sentiment scores are provided in Appendix IV (Figure A4.3).
Table 4.
Summary statistics of total, positive only and negative only news days.
Variables
N
Mean
Median
SD
Min
3004
-0.045
0
0.998
-1.710
sent

Max
0.331

pos

207

0.020

0.011

0.035

0.000

0.331

neg

1399

-0.099

-0.057

0.125

-1.710

0.000

A challenge im conducting a sentiment analysis is the expression of opinion. People express
opinions in a complex way, e.g. by using sarcasm, irony or insinuation. The complexity of human thought
is sometimes hard to capture via mechanical text analysis. In this regard it helps that news items are
neatly written and do not display opinion as much as in (movie) reviews, (hotel) ratings or on social
media. Only in analysing the New York Times blogs and Bloomberg interviews this could be a problem,
however both are professional news providers that want to keep their image of trust and reliability. A
random sample of 30 news items was assessed to check how much of a problem this would be in the case
of news items. The random sample showed no signs of sarcasm. Opinions however did occur in eight
items (27%), but in all occurrences the opinion was a professional’s. When citing a professional, the news
items always gave some basic information about the cited person.
Another important challenge lies in the use of modal verbs and intensifiers. Handling these in an
appropriate manner is more complex than handling negations (Chan & Chong, 2017). Therefore modal
verbs and intensifying words were excluded in the sentiment analysis of this thesis.
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3.2.4 RapidMiner

This thesis used the text mining programme RapidMiner 12 for pre-processing the news items, generating
the sentiment scores of the news items, creating the daily sentiment scores and merging all data into one
database. Figure 5 below shows an example of a programmed process. The other processes are included
in Appendix III.

Figure 5. Process overview for pre-processing text and conducting the sentiment analysis with the L&M
dictionary in RapidMiner.

3.3 Statistical analysis
After the hassle of abstracting the tone of the news items, quantifying that into a sentiment score and
aggregating it into a net sentiment score per day, the regressions are kept rather simple. Using an OLS
regression is quite common for measuring the news effect on a certain stock or currency (Kearney & Liu,
2014). The dataset is of a time series type, since Bitcoin returns as well as news are measured on a daily
basis. As described in section 2.4, the effect of positive and negative news sentiment was tested together,
but also separated. The formula for the overall regression (H1) is as follows:
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 + 𝛽𝛽3 𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡 + 𝛽𝛽4 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽5 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡
12

(3.0)

Originally developed for TU Dortmund. For more information, see https://rapidminer.com.
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𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡−1 + 𝛽𝛽3 𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡−1 + 𝛽𝛽4 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽5 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(3.1)

where BTCrett is the logarithmic return of the Bitcoin price (as calculated in formula 1) in period t. In
order to test if the Bitcoin market is indeed inefficient and news influence its returns, the return of the day
before (BTCrett-1) as well as days with a positive news sentiment score (pos) or days with a negative news

sentiment score (neg) regressed on the Bitcoin returns. Bitcoin returns depending on past returns makes
the model auto regressive. The idea is to test if the sentiment measure of news has a significant
predictability on Bitcoin returns, after controlling for previous returns and expected value determinants
(DJIAret and goldret both at time t). The unexplained component is caught in the error term (εt). The
summary statistics of all variables can be found in Appendix IV (Table A4.1).
Bot unlagged and lagged terms are taken into account to correct for the timeliness of news, as
described in section 2.2.1. Chan et al. (2017) and Köchling et al. (2019) suggest that the news effect in
cryptocurrencies is rapid and take no lag into account, hence equation 3.0, but Koch and Koch (1991)
suggest to use a one day lag for the news to have effect, hence equation 3.1. All lags are represented by
the subscripts t-1. A calendar effect is not taken into account, since the Bitcoin market is always open and
trades can be done on the weekends, and news is published in weekends too. If there would be a calendar
effect then both news and Bitcoin returns would suffer from it which would cause the results not to be
distorted anyway.
Next to the general regression, separate regressions were run to specifically test for the effect of
positive news sentiment (H2) on Bitcoin returns and the effect of negative news sentiment (H3) on
Bitcoin returns. The equations for respectively positive and negative news sentiment are as follows:
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡2 + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

2
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡−1
+ 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡2 + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑙𝑙𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡 + 𝜀𝜀𝑡𝑡

2
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡−1
+ 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(4.0)
(4.1)
(5.0)
(5.1)

The used symbols are the same as in the previous regression. The difference lies in the quadratic term that
is added to the daily sentiment Adding quadratic terms on scores between -1 and +1, which is the range in
which 99% of the sentiment scores fall, make the news sentiment scores smaller. In this way the quadratic
term corrects for the asymmetric relation of loss aversion. Loss aversion means that (noise) traders have
the tendency to sell if prices rise and hold too long when prices drop (Tversky & Kahneman, 1991). In

terms of news sentiment this means that with a more positive news sentiment, (noise) traders are likely to
sell due to their fear of losing their gains in an unexpected price drop. Vice versa, a negative news
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sentiment then causes traders to hold or buy. This is contrary to the behaviour of noise traders, and in line
with how advanced and more efficient markets behave. By adding the quadratic term the impact of news
sentiment is smaller, but can still be tested. A note must be made regarding the equations of the negative
news sentiment, since squaring them turns the scores positive. Hence the coefficient is expected to also
switch signs, from positive to negative.
A vector auto-regression (VAR) model is run next to the regular regressions. A VAR model
essentially is the same as a regression, but it uses auto-regression for all variables. In other words, all
variables are lagged with one day. An advantage of a VAR model is that it can be used to examine effects
in all directions and that it can be combined with the Granger test for causality. The causality was tested
in order to determine the direction of the effects between daily sentiments and Bitcoin returns .

3.3.1 Control variables

The Bitcoin returns and news sentiment have daily observations, so this is also a requirement for the
control variables. Since Bitcoin returns are expressed in USD, the control variables too must be expressed
in USD. This thesis uses the Dow Jones Industrial Average (DJIA) and gold price as control variables.
Both are sourced from Datastream. Returns and histograms of both control variables are in Appendix IV
(Figure A4.4 and A4.5)
The DJIA is used as a proxy for the economic condition, as has been done in the research of
Sukamulja and Sikora (2018) and of Zhu, Dickinson and Li (2017). The gold price is also regularly used
as a control variable (Sukamulja & Sikora, 2018; Zhu et al., 2017; Dyhrberg, 2016). Even Nakamoto
(2008) stated that the Bitcoin system aims to imitate the supply of gold, which can be seen as a hint of the
two being related. This thesis used the un-delayed Handy & Harman base price, in USD per troy ounce.
Both the DJIA and gold prices have missing values on weekend days. Since the time series includes every
date, the missing values are replaced with the closing price of the last available day. In the DJIA data 929
missing values were replaced, and in the gold price data 854. This causes returns over weekends to be
zero, which is reflected in the histograms (Figure A4.5).
Other considerations of control variables were the worldwide GDP, the trade-weighted effective
exchange rate and Bitcoin trade volumes. However, the first two variables could not meet the requirement
of having daily available data, and trading volumes seemed more likely to be a consequence of the price.

3.4 Research design

Before discussing the results of thesis in chapter 4, this section gives short recap and review of all used
data. Figure 6 shows a schematic overview of how the used datatypes and how they are transformed
before using it in the statistical analysis. All variables were tested for non-stationarity, heteroscedasticity,
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autocorrelation and multicollinearity over the full period. The results and graphical examinations of these
assumption checks can be found in Appendix V.

Trading day
19-02-2018

News items
among others:
"Worldpay and Visa in row over crypto
charges" (FT)
"Your Bitcoin or Your Life" (NYT)

Sentiment analysis
scores -0.063 & -0.055 and
those of the other news items

Price data

Control variables

Closing price

Closing prices DJIA and gold

Calculating return

Calculating returns

R = log(Pt/Pt-1)

R = log(Pt/Pt-1)

Net sentiment score

Statistical anlysis

-0.220

Regression

Figure 6. Overview of research design and used data types.
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4. Empirical Results

This chapter uses the non-randomness of the data to estimate and explain the effects of news on Bitcoin
returns. For all estimations, the previously discussed time series data sample is used. After an overall
analysis, the news sample respectively reviews positive and negative sentiment days in order to separately
test their effect. Thereafter the direction of causation is tested via a VAR model and Granger causality.

4.1 Overall results
In obtaining the overall results the regressions were corrected with robust errors to solve for the
heteroscedasticity that was present in the data (Appendix V). The results of the two overall regressions
are displayed in column one and two of Table 5. Both regressions include the lagged Bitcoin return as a
variable.
Table 5.
Results of OLS regressions with robust error terms.
(1)
(2)
(3)
RE 3.0
RE 3.1
RE 4.0
BTCrett-1
0.0344
0.0343
0.0344
(0.77)
(0.75)
(0.75)

(4)
RE 4.1
0.0344
(0.75)

(5)
RE 5.0
0.0347
(0.76)

(6)
RE 5.1
0.0345
(0.76)

post

-9.236
(-0.99)

negt

0.102
(0.05)

DJIArett

0.106
(0.59)

0.114
(0.63)

0.104
(0.57)

0.110
(0.61)

0.109
(0.60)

0.109
(0.60)

goldrett

0.290*
(1.86)

0.288*
(1.83)

0.290*
(1.85)

0.289*
(1.84)

0.290*
(1.85)

0.290*
(1.85)

post-1

-8.850
(-1.43)

negt-1

-0.130
(-0.06)

pos2
post-12
neg2

-66.73**
(-2.28)
-16.31
(-1.24)
0.528
(0.31)
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negt-12

-0.0248
(-0.02)

Constant
Observations
R2

0.324***
(2.63)
2995
0.003

0.313**
(2.55)
2995
0.003

0.314**
(2.50)
2995
0.003

0.308**
(2.45)
2995
0.003

0.300**
(2.54)
2995
0.003

0.307**
(2.56)
2995
0.003

Dependent variable is Bitcoin return. The regression numbers (RE) correspond with the equations in section 3.3.
t statistics in parentheses: * p < 0.10, ** p < 0.05, *** p < 0.01

The regression numbers in Table 5 correspond with the equation numbers from section 3.3, which means
that RE 3.0 shows the direct influence of news sentiment and RE 3.1 uses distributed lags for the
influence of news sentiment to account for the time effect of news. As Table 5 shows, the sentiment of
news does not have a significant effect on the return of Bitcoin, neither directly nor lagged. It must also
be remarked that the R2 of both regressions is very low. Only the return of the gold price significantly
influences the returns of Bitcoin.
The effect of positive news sentiment and negative news sentiment on Bitcoin returns was also
examined in a VAR model combined with the Granger causality test. The results of this regression model
in which all variables are corrected with a one day lag can be found in Table 6 (for the Granger table, see
Figure A4.6 in Appendix IV). As can be seen in column one, evidence is found that Bitcoin returns of the
prior day at a 90% level affect the Bitcoin returns of the next day. Again no significant influence of news
is found, for both positive and negative sentiments. This corresponds with the low R2 score of the VAR
model, namely 0.0015.
Table 6.
Results of vector auto-regression (VAR) model.
(1)
(2)
BTCret
pos
BTCrett-1
0.0350*
-0.00000834
(1.91)
(-0.29)

(3)
neg
0.000667***
(2.75)

(4)
DJIAret
0.00264
(1.30)

(5)
goldret
0.00152
(0.66)

post-1

-9.037
(-0.79)

-0.00624
(-0.34)

-0.320**
(-2.10)

2.947**
(2.30)

-1.589
(-1.09)

negt-1

-0.150
(-0.12)

0.00138
(0.71)

0.467***
(28.91)

-0.0557
(-0.41)

-0.0671
(-0.44)

DJIArett-1

-0.0407
(-0.25)

-0.000455*
(-1.74)

-0.00203
(-0.93)

-0.0442**
(-2.43)

0.0216
(1.05)

goldrett-1

0.0165
(0.11)

0.0000382
(0.17)

-0.00106
(-0.55)

-0.0258
(-1.60)

-0.0202
(-1.10)
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Constant

0.315**
(2.35)

0.00150***
(7.00)

-0.0242***
(-13.63)

0.0215
(1.44)

-0.00458
(-0.27)

Observations
R2

2995
0.0015

2995
0.0012

2995
0.2199

2995
0.0050

2995
0.0014

t statistics in parentheses: * p < 0.10, ** p < 0.05, *** p < 0.01

4.2 Positive news sentiment results
The results of the two regressions considering the effect of quadratic positive news sentiment on Bitcoin
returns are displayed in column three and four of Table 5. Both regressions again include the lagged
Bitcoin return as a variable. In regression 4.0 evidence is found that positive news sentiment at a 95%
confidence level affects Bitcoin returns. This result is not found when including a lag of one day, as has
been done in regression 4.1. However, the sign of the coefficient is larger than expected and negative
instead of positive. Gold again is the only control variable that significantly influences Bitcoin returns.
The positive news sentiment was also examined in a VAR model. When changing the direction
and testing whether selected variables have effect on the positive sentiment of news column two in Table
6 shows the results. It seems rather accidental that the DJIA returns significantly influence the positive
news sentiment about Bitcoin.

4.3 Negative news sentiment results
The results of the two regressions considering the effect of quadratic negative news sentiment on Bitcoin
returns are displayed in column five and six of Table 5. Both regressions again include the lagged Bitcoin
return as a variable. In both regression 5.0 and 5.1 no evidence is found that negative news sentiment
affects Bitcoin returns. Gold again is the only control variable significantly influencing Bitcoin returns.
The negative news sentiment too was examined in a VAR model, where it was tested whether the
selected variables have an effect on the negative sentiment of news. Column three in Table 6 shows the
result, which is this thesis’ most interesting finding. Evidence has been found that Bitcoin returns of
yesterday have an effect on the negative news sentiment of today at a 99% confidence level, even though
the coefficient is rather small. Next to that evidence is found that the negative news sentiment of today is
influenced inversely by the positive news sentiment of yesterday at a 95% confidence level, and is
influenced by the negative news sentiment of yesterday at a 99% confidence level. All three findings were
found significant in the Granger causality test, and thus “Granger-cause” the negative news sentiment,
which is also reflected in the relatively high R2 score, namely of 0.22.
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4.4 Discussion and limitations of empirical results

This section explains the results from the previous sections via the literature (chapter 2) or limitations of
the used method. The results of the overall sample, the positive news sentiment and negative news
sentiment are discussed separately.

4.4.1 Overall sample

Regressions showed that news sentiment has no significant effect on Bitcoin returns, neither positive or
negative. This indicates that news sentiment either is already reflected in the price and that the Bitcoin
market, contrary to the expectations of Charfeddine and Maouchi (2019), is efficient. The Bitcoin market
being efficient is in line with the studies of Urquhart (2016) and Kurihara and Fukushima (2017), which
both suggest that Bitcoin is transitioning to an efficient market. Another explanation could be that the
news sentiment is not strong enough to have any impact, which can be explained by several reasons.
A first reason could be that the sentiment from news is not as extreme as the sentiment from
social media, since news tends to be more objectively written. Further, news items are always ambiguous
to a certain degree, because they depend on culture and context. This thesis tried to cancel out this effect
by selecting different leading internationally oriented news providers, but there is a chance that this
caused the news to be too moderate.
Other reasons for not finding a significant effect of news can lie in the used method. Using
qualitative news data in a quantitative research always has the consequence of losing some of the richness
of qualitative data. Next to that, having many news item observations causes the TF-IDF score to be less
extreme, since this weighting scheme normalizes occurrences and corrects for document lengths. A third
methodological issue is the choice between a dictionary-based method and a machine learning method. It
has been proven that with machine learning a better and more accurate result can be achieved (Kearney &
Liu, 2014), however the time span of news is yet not large and mostly not consistent enough to provide
sufficient training data. All this suggestions should be considered in evaluating the strength of the news
sentiment.
The effect of previous returns is insignificant in the regression, suggesting that Bitcoin returns
follow a random walk. However in the VAR model, previous returns seem on a 90% significance level to
have an effect on the return of the next day, again suggesting efficiency of the market (Fama, 1970).
Regarding the control variables the results of this thesis are in line with the studies of Ciaian and
Rajcaniova (2014) and Sukamulja and Sikora (2018) which found that Bitcoin is not driven by macro
factors, since DJIA returns do not significantly affect Bitcoin returns. The gold price is found significant
in every regression, which is in line with studies of Sukamulja & Sikora (2018), Zhu et al. (2017) and
Dyhrberg (2016).
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4.4.2 Positive news sentiment

The un-delayed quadratic regression showed a significant impact of a positive news sentiment on the
Bitcoin returns, however with an inversed effect. The effect of the sentiment being un-delayed is in line
with the research of Chan et al. (2017) and Köchling et al. (2019), but contradicts Koch and Koch (1991).
While the coefficient was expected to be positive, it turned out negative, also for the non-significant
outputs. This means that an inverse relation is found: when the news sentiment is more positive, Bitcoin
returns are likely to decrease. This reasoning is in line with the asymmetric relation of loss aversion of
Tversky and Kahneman (1991), suggesting that traders tend to sell when the sentiment is positive, which
in turn tempers price returns. However, that is contradicting the studies of Shleifer and Summers (1990)
and Friedman (1953) which find evidence for noise traders following the market.
The outcome of the inversed coefficient could indicate two things: 1) there is loss aversion among
Bitcoin traders, and 2) there are very few noise traders in the Bitcoin market. The second suggestion is
unlikely in my eyes, since the Bitcoin market is widely used by non-professionals. However, it could be
that the amount of noise traders has changed over time. Combining the finding of inversed effect with the
finding that stock market traders also sell when a positive sentiment occurs (Schumaker et al., 2012), is a
clue for studying the degree of professionalism in the Bitcoin market.
A reason for only having one significant output in testing the effect of positive news sentiment
could be that traditional news providers tend to write more negatively about Bitcoin than non-traditional
news providers. Another reason is that the chosen dictionary contains far more negative words than
positive words (resp. 2355 versus 357). Combining these leads to a bias in the results.
A last note regarding the method of testing positive sentiments comes from Loughran and
McDonald (2016). They state that “Black boxes where you feed a document into and it produces your
results should be avoided […] and positive sentiment is best left untested unless a study can convincingly
resolve the problems of negation”. Since in this thesis the process of sentiment analysis is hand-built and
the problem of negation is handled, the results of testing positive news sentiment should be convincing.
However, it would not hurt to do some double checking in a new research.

4.4.3 Negative news sentiment

The regressions showed that negative news sentiment has no effect on Bitcoin returns. An explanation
could be that traditional news providers tend to mostly write negatively about Bitcoin. Since Bitcoin is
often used as an opposite of the economic system, a negative news sentiment makes traders more likely to
invest, which is also in line with the loss aversion theory of Tversky and Kahneman (1991). The shifted
signs of the coefficients, which are all contrary to the expectations except for the un-delayed regular
variable (neg), can be explained by traders buying when a negative news sentiment occurs. When people
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distrust the government and institutions of the economic system, they might be more likely to invest in
Bitcoin. This is theory is based on reasoning and should be investigated further.
Significant evidence is found in explaining the causes of the negative news sentiment. The VAR
model indicates that negative news sentiment is caused by previous Bitcoin returns, previous positive
news sentiment, and previous negative news sentiment. Regarding the coefficients, increasing previous
Bitcoin returns cause a more negative news sentiment. This inversed relationship can be explained by the
news providers who are reacting slightly sceptical to positive price developments in Bitcoin. Then the
sentiment of the news is less likely to be negative when the previous news sentiment was positive, hence
an inversed relationship and negative coefficient. Lastly, if the previous news sentiment was negative,
then the news sentiment of the next day will also be negative, which explains the positive coefficient.

4.5 Robustness checks
To check the robustness of the results several tests were executed. The first check tests for the robustness
of the sentiment scores, whereas the second tests for the robustness of the impact of the news.
The robustness of the sentiment is checked by comparing the summary statistics of differently
constructed news samples. The differences and properties of the news samples, the summary statistics and
the correlations can be found in Appendix V (Table A5.4, Table A5.5 and Table A5.6 respectively).
When comparing the different news samples it shows that the more noisy news items are removed from
the data, the more the standard deviation decreases. This thesis used the news sample ‘Strict 2’, since it
contains less distorting duplicates, but does not fully drop Bloomberg as a news provider, which explains
the loss in days that a news sentiment is observed in ‘Strict 3’.
To test for the robustness of the effect of news on Bitcoin returns dummy variables based on a
threshold is used. Two dummy variables are created, one for days with a positive news sentiment and one
for days with a negative news sentiment. The threshold for the dummy for a positive news day is a
sentiment score of at least 0.011, which is equal to or above the median (see Appendix IV, Table A4.1).
This dummy scores 1 if the sentiment score is positive and above the threshold, and 0 if it falls below the
threshold. For negative news sentiment the median value and threshold is -0.057. A dummy then scores 1
if the sentiment score is below or equal to the threshold and 0 if it is above. Both dummies are used as
interaction terms in the regressions and VAR tests. The regression outputs, VAR output and Granger
causality can be found in Appendix V.
In taking these robustness checks into account, the results of this thesis still hold, only the effect
of previous positive news sentiment on negative news sentiment is not significant anymore. Other checks
that were executed during the research in order to get robust results were inspecting 30 random news
items from the sample to check if sarcasm and the expression of opinion was a problem (see 3.2.3), and
using the Granger test to check the direction of the causality.
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5. Conclusion

This thesis studied the effect of the news sentiment on the return of Bitcoin over a sample period from
2011 until the first quarter of 2019. During this period Bitcoin became more popular. Not only in the
daily lives of people, but also as a research topic. Regarding the Bitcoin literature it must be noted that it
was evaluated with Bitcoins price path in mind. Early research namely did not take the high peak of 2017
into account. Papers with different views were adopted, both to offer a perspective on the research field of
Bitcoin and to show the deficiencies in literature, which could be explained by the time frame of the used
samples.
Furthermore, this thesis evaluated the literature about the effect of news in markets and market
efficiency, and applied this to the Bitcoin market in section 2.2.2. It followed that the Bitcoin market is
inefficient but tends to become more efficient in its latter period, and volatility is caused by noise traders
who respond to news. Lastly, an overview of sentiment analysis in the field of finance was given, to offer
perspective on this thesis’ position in the research field.
A sentiment analysis was used to score the news items in terms of their tone. The generated daily
sentiment scores were used in a regression and VAR model to test their effect on Bitcoin returns. This
thesis does not find evidence for the sentiment of the news from leading international news providers to
have effect on Bitcoin returns, neither positive or negative. This suggests that the Bitcoin market, contrary
to the expectations, is efficient, which is a sign of a more mature market.
The separated positive and negative outcomes suggest an immediate (un-delayed) and reversed
effect of positive news sentiment. This is based on the coefficients that came out negative while they were
expected to be positive. However, only one of the coefficients for positive news sentiment had a
significant effect. This suggests that Bitcoin traders are loss averse and do not follow the market, which
could indicate that there are not as much noise traders in the market. Again, this is a sign that the Bitcoin
market is becoming more mature. The most important finding is that negative news sentiment is caused
by previous Bitcoin returns and previous news sentiment, both positive and negative.
The goal of this thesis was to find out if news sentiments have an effect on Bitcoin returns and
therefore the price of Bitcoin. The thesis also combined different research fields of finance and textual
data analysis, a relatively new combination, resulting in a contribution to the field of natural language
based financial forecasting (NLFF).

5.1 Recommendations

With the method and results of this thesis in mind, some recommendations for further research can be
made. Firstly I want to challenge others to improve the shortcomings of the method used in this thesis.
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Secondly, the effect of news sentiment on Bitcoin returns and Bitcoins market efficiency should be
explored in further research.
The shortcomings of the method explain the outcomes as discussed in section 4.4, which lead to
the following recommendations for further research. The first suggestion is to add news from nontraditional news providers to the sample in order to cover a wider range and move past the scepticism of
traditional news providers. Secondly a dictionary with a fifty-fifty ratio for positive and negative words in
the field of finance could be constructed and used to improve the sentiment analysis. Thirdly, it can be
checked if the outcome is the same when the news as well as the Bitcoin returns are split into periods.
Fourth, the control variables could be changed. An example is to take Bitcoin trading volumes into
account or to construct a weighted proxy for economic condition containing more than a US based index,
for example indices from Japan, Korea, China, the UK or Australia. Another important suggestion is to
make use of the technique of machine learning, since this method is more accurate. For now this was not
an option since not enough training data exists, but the option is interesting for future research.
Regarding the further exploration of the effect of news sentiment and the returns, and efficiency
of the Bitcoin market, the amount of noise traders in the Bitcoin market over time could be studied. This
will probably give more insight in the efficiency and maturity of the market. As mentioned before, the
relationship between negative news sentiment around Bitcoin and the sentiment towards the government
and institutions could be explored, since Bitcoin is expected to replace the government institutions when
they are distrusted. Another suggestion is to include other cryptocurrencies in the research, since they are
interconnected (Yi et al., 2018). Lastly, the dataset could be transformed from time series into panel data
by labelling the news items per news provider. This would give more insight in the separate effects of the
news sentiments.
Conducting any of these research recommendations would either help the field of behavioural
finance to gain insight in the herd behaviour of (noise) traders (Eom et al., 2019) or could be helpful in
constructing a trading strategy based on news sentiment (Kearney & Liu, 214).
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Appendix I – List of used symbols
Table A1.1.
List of used symbols
Symbol
Explanation
BTC
Daily Bitcoin prices
BTCret
Logarithmic return of Bitcoin prices (EQ 1)
sent

Net daily sentiment score including days with positive, neutral, and negative news

pos
neg

Positive news sentiment scores per day
Negative news sentiment scores per day

pos2
neg2

Quadratic positive news sentiment scores per day
Quadratic negative news sentiment scores per day

DJIA
DJIAret

Dow Jones Industrial Average, daily in USD
Logarithmic return of Dow Jones Industrial Average (analogous to EQ 1)

gold
goldret

Un-delayed Handy & Harman base price, daily in USD per troy ounce
Logarithmic return of H&H gold price (analogous to EQ 1)

dumpos
dumneg

Dummy for positive news sentiment scores (1 if above median of 0.011)
Dummy for negative news sentiment scores (1 if below median of -0.057)

posdumint

Positive news sentiment interaction term, contains only upper 50% of positive
news sentiment
Negative news sentiment interaction term, contains only lower 50% of negative
news sentiment

negdumint
pos2dumint
neg2dumint

tft,d
ad
N
dft

Quadratic positive news sentiment interaction term, with upper 50% of positive
news sentiment
Quadratic negative news sentiment interaction term, with lower 50% of negative
news sentiment
Frequency of term t in document d
Average count of terms in documents d (average word count)
Total number of documents
Number of documents the term t occurs in

EQ refers to the equation number in chapter 3. The dashed line divides the time sensitive regression variables from
the non-time sensitive variables. Time is indicated by a subscript t for today and t-1 for yesterday.
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Appendix II – Media Bias Chart

Figure A2.1. Media Bias Chart by Vanessa Otero. Version 4.0 (28-08-2018) via Ad Fontes Media, Inc.
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Appendix III – Sentiment analysis
Steps in text pre-processing
Firstly the cases of the whole text are transformed, usually to lower cases. This is done in order to let the
text mining programme count a word with a capital letter ‘Fox’ the same as the one without a capital
letter, like ‘fox’. A risk in down-casing the whole text is that information could be lost. ‘RAM’ (Random
Access Memory) namely gets transformed to ‘ram’ which is a male sheep. In the case of analysing news
items, this is not a problem, since publishers of news items are not likely to use upper cases to emphasize
a message, as it is usual in internet postings, (hotel) reviews or (movie) ratings.
Secondly the text needs to be tokenized, meaning that the text needs to be structured. In the
tokenizing process every word gets saved in a table as a separate token. The whole table then contains the
text. (e.g. rows with counts of words and each word with its own column). Tokens are the meaningful
parts of the text, in this case the words. 13
Thirdly stop words are filtered out. This means that for example conjunctions, articles and
pronouns are filtered out. Filtering the stop words is done via an automatic wordlist for the English
language that is available in the text mining programme RapidMiner.
Fourth, the remaining words (tokens) should be filtered. For analysing internet postings this step
includes filtering out the hashtags and html links, the so-called ‘strings’, but for other texts this step only
contains connecting the synonyms, which is in technical terms called ‘lexical substitution’. News items
do not contain any ‘strings’ that do not belong in the natural language of a text and the sentiment score is
determined by the sentiment of the individual words. These words are individually scored based on a
sentiment wordlist. It is fine to do lexical substitution when conducting a sentiment analysis, because then
the sentiment-wordlist does not have to contain all words but just the synonyms, but it is not necessary
and loses insight in specific word scores. For this thesis lexical substitution was not used.
Fifth, the remaining tokens need to be stemmed. This is done in order to reduce the list of words
to a wordlist that only contains stemmed or morphed words, for example only ‘financ’ for all words with
this stem, such as ‘finance’, ‘financial’ and ‘financially’. For the English language the Porter stemmer 14 is
widely used (e.g. in Li, Chan, Ou & Ruifeng, 2017).
Sixth and lastly, n-grams or n-terms can be generated. An n-gram is a word combination or are
concatenated words or names that semantically come together. An example of such a group of words is
‘crypto currency’ or ‘social value’. An n-gram can exist of 1, 2, 3 or ‘n’ words and gives insight in

When analysing Chinese texts, the text can be split into letters. Then the tokens, which are the meaningful parts of
the texts are the letters.
14
See also Porter (2006) for details on the algorithm.
13
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commonly used expressions. The text mining programme RapidMiner has an operator to generate ngrams, but this is not used since sentiment words are scored per single word.
Other weighting methods
The most basic representation is binary term presence where 1 indicates that a dictionary word is present
in the text and 0 that it is not present (Chan & Chong, 2017). In using this weighting method, the degree
of positivity or negativity gets lost. Other options are counting the term frequency or calculating the
relative term frequency by dividing the term frequency by the total number of words. The sentiment can
then be calculated via the frequency of positive words minus the frequency of negative words, divided by
the total number of positive and negative words (e.g. in Twedt & Rees, 2012) or taking the frequency of
words in a certain sentiment category and dividing it by the total number of words in the text (e.g. in F
Ferguson et al., 2015). The latter method that uses categories is only applicable when a machine learning
approach is used. Another relative measure is to use a standardized percentage, via the z-score (e.g. in
Tetlock et al., 2008), which indicates if the tone of a text is above or below the average tone. Since the
news items from the sample all have different lengths a relative weighting is required, of which TF-IDF is
the most common and best fitting to use.
Table A3.1.
List of used negators.
Type of negator
free
bound

Source: Tottie (1993).

Negator
not
never
neither
nobody
no
none
nor
nothing
nowhere
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RapidMiner processes

Figure A3.1. RapidMiner process overview for building the news database.

Figure A3.2. RapidMiner subprocess for building the news database.
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Figure A3.3. RapidMiner process overview for pre-processing text and conducting the sentiment analysis
with the L&M dictionary (used as Figure 5 in section 3.2.4).

Figure A3.4. RapidMiner subprocess for retrieving the news items and keeping the date before preprocessing and conducting the sentiment analysis.
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Figure A3.5. RapidMiner subprocess for pre-processing the news items in order to conduct the sentiment
analysis with the L&M dictionary.

Figure A3.6. RapidMiner subprocess for stemming the L&M dictionary in the pre-processing and
sentiment analysis.
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Figure A3.7. RapidMiner process overview for combining all data and building a dataset.

Figure A3.8. RapidMiner subprocess for combining all news samples in one database.
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Appendix IV – Data overview

Figure A4.1. Histogram of Bitcoin returns over the full sample period.
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Figure A4.2. Bitcoin returns and histograms of returns over the subsample periods. From top to bottom
period 1, 2 and 3 are displayed.

Figure A4.3. Timeline and histogram of the daily news sentiment scores.

Figure A4.4. Returns and histogram of the Dow Jones Industrial Average.
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Figure A4.5. Returns and histogram of the gold price.
Table A4.1
Summary statistics of all variables.
Variables
N
3004
BTC

Mean
1702.25

Median
388.39

SD
3015.96

Min
0.295

Max
19345.49

BTCret

3004

0.317

0.189

6.533

-84.876

147.440

Net daily sentiment

3004

-0.045

0

0.998

-1.710

0.331

pos
pos, rest of obs. to 0
pos2, rest of obs. to 0

207
3004
3004

0.020
0.0014
0.0001

0.011
0
0

0.035
0.010
0.002

0.000
0
0

0.331
0.331
0.110

neg
neg, rest of obs. to 0
neg2, rest of obs. to 0

1399
3004
3004

-0.099
-0.046
0.012

-0.057
0
0

0.125
0.099
0.761

-1.710
-1.710
0

0.000
0
2.923

DJIA

3004

17605.55

17117.78

4299.67

10655.3

26828.39

DJIAret

3004

0.027

0.000

0.732

-5.706

4.864

gold

3004

1354.39

1294.55

186.08

1049.4

1895.0

goldret

3004

-0.003

0.000

0.828

-9.596

4.839
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Granger causality Wald tests
chi2

df Prob > chi2

Equation

Excluded

BTCret
BTCret
BTCret
BTCret
BTCret

dss2pos
dss2neg
DJIAret
goldret
ALL

.61748
.01521
.06209
.01307
.71794

1
1
1
1
4

0.432
0.902
0.803
0.909
0.949

dss2pos
dss2pos
dss2pos
dss2pos
dss2pos

BTCret
dss2neg
DJIAret
goldret
ALL

.08169
.50532
3.0431
.02742
3.6397

1
1
1
1
4

0.775
0.477
0.081
0.868
0.457

dss2neg
dss2neg
dss2neg
dss2neg
dss2neg

BTCret
dss2pos
DJIAret
goldret
ALL

7.5499
4.3993
.87309
.30397
13.049

1
1
1
1
4

0.006
0.036
0.350
0.581
0.011

DJIAret
DJIAret
DJIAret
DJIAret
DJIAret

BTCret
dss2pos
dss2neg
goldret
ALL

1.6841
5.2966
.1695
2.5682
9.3541

1
1
1
1
4

0.194
0.021
0.681
0.109
0.053

goldret
goldret
goldret
goldret
goldret

BTCret
dss2pos
dss2neg
DJIAret
ALL

.43609
1.1984
.19077
1.0964
3.0508

1
1
1
1
4

0.509
0.274
0.662
0.295
0.549

Figure A4.6 Granger test for causality.
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Appendix V – Assumption & robustness checks
Assumption checks

All variables were tested for non-stationarity, heteroscedasticity, autocorrelation and multicollinearity
over the full period.
Testing for non-stationarity
Time series need to be stationary, otherwise you get spurious regression results. This is tested with the
Augmented Dickey Fuller test for each variable. The outcomes can be found in Figure A5.1 below.
. dfuller BTCret, reg constant notrend
Number of obs

Dickey-Fuller test for unit root

Z(t)

Test
Statistic

1% Critical
Value

-52.768

-3.430

2995

=

Interpolated Dickey-Fuller
10% Critical
5% Critical
Value
Value
-2.570

-2.860

MacKinnon approximate p-value for Z(t) = 0.0000

(a) Bitcoin returns

. dfuller dssstrict2, reg constant trend
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-36.780

-3.960

=

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value
-3.410

-3.120

MacKinnon approximate p-value for Z(t) = 0.0000

(b) news sentiment

. dfuller dss2pos, reg constant trend
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-55.086

-3.960

=

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value
-3.410

-3.120

MacKinnon approximate p-value for Z(t) = 0.0000

(c) positive news sent.

. dfuller dss2neg, reg constant trend
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-36.529

-3.960

=

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value

MacKinnon approximate p-value for Z(t) = 0.0000

-3.410

-3.120

(d) negative news sent.
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. dfuller DJIAret, reg constant
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-57.284

-3.430

=

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value
-2.860

-2.570

MacKinnon approximate p-value for Z(t) = 0.0000

(e) DJIA returns

. dfuller goldret, reg noconstant notrend
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-55.886

-2.580

=

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value
-1.950

-1.620

. dfuller residuals, reg noconstant notrend
Dickey-Fuller test for unit root

Z(t)

Number of obs

Test
Statistic

1% Critical
Value

-52.841

-2.580

=

(f) gold returns

2995

Interpolated Dickey-Fuller
5% Critical
10% Critical
Value
Value
-1.950

-1.620

(g) residuals

Figure A5.1. Overview of Augmented Dickey Fuller tests for non-stationarity.
It was found that all variables, and even the residuals, were stationary and therefore non-random.
Testing for autocorrelation
Autocorrelation was tested with the Durbin Watson test. In this test the critical value needs to lie between
the dU and 4-dU boundaries. Given the number of observations and the parameters, these boundaries are:
Table A5.1
Durbin-Watson test.
Durbin-Watson d-statistic( 5, 3004) = 1.930145
5% significance
dL 1.718
dU 1.820
1% significance
dL 1.623
dU 1.725

4-dU 2.180
4-dU 2.275

4-dL 2.282
4-dL 2.377

No autocorrelation thus appears in the sample.
Test for heteroscedasticity
Heteroscedasticity was tested with the Breusch-Pagan test. The null hypothesis of this test is that error
variances are equal and homoscedasticity is found. The alternative hypothesis suggests heteroscedasticity.
Figure A5.2 below shows that the sample is heteroscedastic. In that case errors are unreliable and cause a
bias in the results. This is therefore corrected by using robust standard errors. Figure A5.3 shows a rvfplot of the corrected residuals.
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Breusch-Pagan / Cook-Weisberg test for heteroskedasticity
Ho: Constant variance
Variables: fitted values of BTCret
chi2(1)
Prob > chi2

=
=

22.68
0.0000

Figure A5.2. Breusch-Pagan test for heteroscedasticity.

Figure A5.3. Residuals versus fitted-plot.
Testing for multicollinearity
Multicollinearity is tested with the VIF test. The outcomes are displayed in Table A5.2 and no
multicollinearity was found. The correlation between all variables is given in Table A5.3.
Table A5.2
VIF test for multicollinearity
Variable

VIF

1/VIF

pos
neg
DJIAret
goldret
Mean VIF

1.00
1.00
1.00
1.00
1.00

0.995678
0.995679
0.998347
0.999001

Table A5.3
Correlation matrix of all regression variables.
Variables
BTCret
sent
pos
1.000
BTCret
0.001
1.000
sent
-0.015
0.167
1.000
pos
-0.024
0.112
0.859
pos2
0.003
0.995
0.063
neg
0.005
-0.7602 -0.021
neg2
0.012
0.0160
-0.018
DJIAret
0.037
0.0015
0.005
goldret

pos2

neg

neg2

DJIA ret

goldret

1.000
0.023
-0.008
-0.023
-0.002

1.000
-0.767
0.018
0.001

1.000
-0.002
0.002

1.000
-0.031

1.000
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Robustness checks
Table A5.4
Properties of different news samples.
News
details
sample
All
Contains all news items when searching for the word Bitcoin to occur at least once.
Limited
Throws out information abstracts (NYT) and duplicates of Forbes Indonesia
Strict 1
Throws out information abstracts (NYT), duplicates of Forbes Indonesia, duplicates
of Bloomberg
Strict 2
Throws out information abstracts (NYT), duplicates of Forbes Indonesia, duplicates
of Bloomberg, correction items and teasers with less than 20 words (FT)
Strict 3
Throws out Throws out information abstracts (NYT), duplicates of Forbes Indonesia,
correction items and teasers with less than 20 words (FT) and all items of Bloomberg.
Table A5.5
Summary statistics of net daily sentiment scores in different news samples.
Variables
N
Mean
Median
SD
1606
-0.085
-0.046
0.127
Sample all

Min
-1.655

Max
0.321

Sample limited

1606

-0.087

-0.048

0.128

-1.694

0.328

Strict 1

1606

-0.085

-0.046

0.125

-1.713

0.332

Strict 2

1606

-0.084

-0.046

0.124

-1.708

0.331

Strict 3

1577

-0.084

-0.047

0.123

-1.735

0.336

Table A5.6
Correlation matrix of all news samples.
Variables
All
Limited
1.000
all
0.994
1.000
limited
0.989
0.996
Strict1
0.987
0.994
Strict2
0.975
0.983
Strict3

Strict1

Strict2

Strict3

1.000
0.998
0.994

1.000
0.996

1.000

Regression equations
For the overall equation:
(RB 3.0)
(RB3.1)

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 + 𝛽𝛽3 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡 + 𝛽𝛽4 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 +

𝛽𝛽5 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡−1 + 𝛽𝛽3 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑡𝑡−1 +
𝛽𝛽4 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽5 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

56

For respectively the positive and negative news sentiment equations:
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝 2 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡 + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(RB4.0)

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑝𝑝𝑝𝑝𝑝𝑝 2 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡−1 + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(RB4.1)

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑛𝑛𝑛𝑛𝑛𝑛2 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡− + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(RB5.1)

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 + 𝛽𝛽2 𝑛𝑛𝑛𝑛𝑛𝑛2 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡 + 𝛽𝛽3 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑡𝑡 + 𝛽𝛽4 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑡𝑡 + 𝜀𝜀𝑡𝑡

(RB5.0)

Regression outputs
Table A5.7
Robustness OLS regressions with dummy interaction terms
(1)
(2)
(3)
(4)
RRE 3.0
RRE 3.1
RRE 4.0
RRE 4.1
BTCrett-1
0.0343
0.0343
0.0344
0.0344
(0.77)
(0.75)
(0.75)
(0.75)

(5)
RRE 5.0
0.0347
(0.76)

(6)
RRE 5.1
0.0345
(0.76)

posdumint

-9.304
(-1.00)

negdumint

0.135
(0.06)

DJIAret

0.106
(0.59)

0.113
(0.62)

0.104
(0.57)

0.110
(0.61)

0.109
(0.60)

0.109
(0.60)

goldret

0.291*
(1.85)

0.288*
(1.83)

0.290*
(1.85)

0.289*
(1.84)

0.290*
(1.85)

0.290*
(1.85)

posdumintt-1

-7.676
(-1.28)

negdumintt-1

-0.121
(-0.06)

pos2dumint

-66.71**
(-2.28)

pos2dumintt-1

-16.12
(-1.24)

neg2dumint

0.526
(0.31)

neg2dumintt-1
Constant

-0.0266
(-0.02)
0.324***

0.311***

0.314**

0.308**

0.300**

0.307**
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Observations
R2

(2.78)
2995
0.003

(2.65)
2995
0.003

(2.50)
2995
0.003

(2.45)
2995
0.003

(2.54)
2995
0.003

dependent variable: Bitcoin return. Regression numbers correspond with equation numbers.
*
p < 0.10, ** p < 0.05, *** p < 0.01

Table A5.8
Robustness VAR model with dummy interaction terms
(1)
(2)
(3)
BTCret
posdumint
negdumint
BTCrett-1
0.0350*
-0.00000905
0.000684***
(1.91)
(-0.31)
(2.74)

(2.56)
2995
0.003

(4)
DJIAret
0.00264
(1.30)

(5)
goldret
0.00152
(0.66)

posdumint-1

-7.940
(-0.69)

-0.00543
(-0.30)

-0.182
(-1.16)

2.811**
(2.19)

-1.804
(-1.24)

negdumintt-1

-0.145
(-0.12)

0.00157
(0.82)

0.445***
(27.30)

-0.0790
(-0.59)

-0.0783
(-0.52)

DJIArett-1

-0.0403
(-0.25)

-0.000478*
(-1.84)

-0.00214
(-0.96)

-0.0442**
(-2.43)

0.0216
(1.05)

goldrett-1

0.0165
(0.11)

0.0000488
(0.21)

-0.000806
(-0.41)

-0.0258
(-1.60)

-0.0202
(-1.10)

Constant

0.314**
(2.41)

0.00133***
(6.41)

-0.0219***
(-12.33)

0.0216
(1.49)

-0.00460
(-0.28)

Observations
R2

2995
0.0014

2995
0.0014

2995
0.2010

2995
0.0049

2995
0.0016
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Granger causality Wald tests
Equation

Excluded

BTCret
BTCret
BTCret
BTCret
BTCret

dss2posdumint
dss2negdumint
DJIAret
goldret
ALL

.47454
.01475
.06078
.01292
.56881

1
1
1
1
4

0.491
0.903
0.805
0.910
0.966

dss2posdumint
dss2posdumint
dss2posdumint
dss2posdumint
dss2posdumint

BTCret
dss2negdumint
DJIAret
goldret
ALL

.09668
.6791
3.3782
.04487
4.1702

1
1
1
1
4

0.756
0.410
0.066
0.832
0.383

dss2negdumint
dss2negdumint
dss2negdumint
dss2negdumint
dss2negdumint

BTCret
dss2posdumint
DJIAret
goldret
ALL

7.5125
1.3459
.91636
.1668
9.8486

1
1
1
1
4

0.006
0.246
0.338
0.683
0.043

DJIAret
DJIAret
DJIAret
DJIAret
DJIAret

BTCret
dss2posdumint
dss2negdumint
goldret
ALL

1.6827
4.7963
.35178
2.5732
9.022

1
1
1
1
4

0.195
0.029
0.553
0.109
0.061

goldret
goldret
goldret
goldret
goldret

BTCret
dss2posdumint
dss2negdumint
DJIAret
ALL

.43405
1.5381
.26905
1.0995
3.4682

1
1
1
1
4

0.510
0.215
0.604
0.294
0.483

chi2

df Prob > chi2

Figure A5.4 Robustness Granger test for causality with dummy interaction terms.
Random sample

Figure A5.5. RapidMiner process overview for taking a random sample of 30 news item from the chosen
news sample.
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