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Abstract  

This thesis aims to analyze how media attention contributes to the demand for Bitcoin, and in so way Bitcoin 

return. A useful tool in this analysis, is a categorization of Bitcoin. The two main questions to be answered is: 

(i) What kind of financial asset can we categorize Bitcoin as? 

(ii) How does Media attention affect Bitcoin return? 

This is done through firstly laying out a theoretical framework for price formation- where investor 

attractiveness is captured through a variable for media attention. Building on this framework, Bitcoins function 

and ability as money today is investigated through a comparison with the traditional monetary framework we 

know today. This is further investigated with an analysis of the volatil ity process of Bitcoin and financial assets. 

Which concludes with Bitcoin being classified as a speculative asset who do not resemble any traditional 

financial asset. Following this it is found that media attention does make Bitcoin more attractive for investors 

and being a driver for demand. This speculative drive of demand coheres with Bitcoin being a speculative asset. 

 

Sammendrag 

Denne avhandlingens mål er å analysere om medieoppmerksomhet er en drivende faktor i etterspørselen etter 

Bitcoin, og på så måte avkastning på Bitcoin. Et nyttig verktøy i denne analysen er å kategorisere Bitcoin. De to 

hovedspørsmålene som da vil bli besvart er: 

(i) Hva slags finansielt aktivum kan Bitcoin kategoriseres som? 

(ii) Hvordan påvirker medieoppmerksomhet Bitcoin? 

Dette er gjort ved å først presentere et teoretisk rammeverk for prisdannelse hvor investorers interesse er 

forklart i en variable for medieoppmerksomhet. Ved å bygge videre på dette rammeverket blir Bitcoins 

funksjonalitet som en valuta i samfunnet i dag analysert og sammenlignet ved bruk av det tradisjonelle 

rammeverket for penger vi kjenner ti l. Dette er videre analysert ved hjelp av volatil itetsprosessene ti l Bitcoin og 

andre finansielle aktivum. Funnene fra denne analysen tyder på at Bitcoin ikke kan klassifiseres sammen med 

tradisjonelle finansielle aktivum, og på så måte er et spekulativt finansielt aktivum som står på egenhånd. 

Videre blir det funnet at medieoppmerksomhet gjør Bitcoin mer attraktiv for investorer og er en driver av 

etterspørsel. Denne spekulative driveren av etterspørsel sammenfaller godt med kategoriseringen av Bitcoin 

som et spekulativt aktivum.  
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1. Introduction 

Amid the turmoil of the 2008 financial crisis, Satoshi Nakamoto1 ǎŜƴǘ ƻǳǘ Ƙƛǎ ά.ƛǘŎƻƛƴΥ ! 

Peer-to-tŜŜǊ ŜƭŜŎǘǊƻƴƛŎ ŎŀǎƘ ǎȅǎǘŜƳέΣ ƪƴƻǿƴ ŀǎ ǘƘŜ White paper, to a mailing list of fellow 

mathematical cryptography enthusiasts. From a humble beginning with only enthusiasts, 

Bitcoin grew steadily, with some bumps here and there, until its value skyrocketed in 2017 

and Bitcoin suddenly became the household discussion. This is clearly seen by the attention 

given to Bitcoin by the media and people in general, using Google trends as a proxy, also 

skyrocketing during 2017. This did of course not go silently in the financial world, and the 

lack of intrinsic value2 in Bitcoin has been under fire, by people like Jamie Dimon3, since 

Bitcoin made itself relevant. The discussion surrounding the value of Bitcoin, and what 

Bitcoin really is has been churning and churning, and the sole believers and critics are 

distanced between Bitcoin being the currency of the future4- or just another bubble5. This 

has been an ongoing discussion, accompanied by news about the tremendous return some 

people have made of Bitcoin6, the media attention given Bitcoin has been of great 

magnitude.  

 

1.1 Bitcoin 1017 

Bitcoin is a decentralized cryptocurrency. Meaning it has no centralized issuer, nor any third-

party backing. This exclusion of the third party is made possible through an open blockchain 

and cryptographical mathematics, which makes all transactions- and transaction history 

available for all to see. It is not regulated in any way, and the only thing needed to buy 

Bitcoin is internet and a digital wallet to store the Bitcoins. When talking about the price of 

Bitcoin, it is the USD-BTC exchange rate which is denominated.  

 

                                                                 
1 See (The economist, 2018) 
2 Like a fiat currency, Bitcoin has no underlying value, nor promises any payments. This will be further explained 
and discussed in chapter 4.  
3 See (Bloomberg, 2018) 
4 See (Verhage and Katz, 2018) 
5 See (Mullen, 2018) 
6 See( Bishop, 2018) 
7 A more detailed and technical explanation is found in the appendix 
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1.2 The aims of this Thesis 

ά5ƻŜǎ ƳŜŘƛŀ ŀǘǘŜƴǘƛƻƴ ŀŦŦŜŎǘ .ƛǘŎƻƛƴ ǊŜǘǳǊƴΣ ŀƴŘ ǘƘǳǎ ŜȄǇƭŀƛƴ ƛƴǾŜǎǘƻǊ ŀǘǘǊŀŎǘƛǾŜƴŜǎǎΚέ is the 

question that this thesis aims to answer, with an underlying analysis into the categorization 

of Bitcoin. Broken down, the two problems are; 

(iii) What kind of financial asset can we categorize Bitcoin as? 

(iv) How does Media attention affect Bitcoin return? 

These questions will be answered throughout this thesis, which is structured as follows. 

Chapter 2 presents a literature review of previous findings in the field, and what this thesis 

hope to add to the field of study. In section 3 the theoretical framework will be put forward, 

alongside an introduction and discussion of investor attractiveness. Section 4 provides the 

building bricks for the quantitative analysis into Bitcoin and investor attractiveness, as it 

plots out the methodology used for analysis. Section 5 provides a deeper understanding of 

how the functionality of Bitcoin and how it interacts with the financial world and everyday 

life. Data and descriptive statistics are shown and explained in chapter 6. Chapter 7 provides 

a volatility analysis of the variables, and chapter 8 looks at investor attractiveness for Bitcoin 

using google search query as a proxy for media attention. In chapter 9 a critical point of view 

is offered with suggestions to further research. Chapter 10 will start with a summery and 

followed by pulling all the threads together in the conclusion.  
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2. Literature review 

The market for Bitcoin is new and undeveloped, as Bitcoin has only been around since 20088, 

with the first transactions and trades conducted in 2010. Considering these facts, the 

literature on the topic is not as extensive as more traditional financial assets. How to 

correctly classify and label Bitcoin has been of academic interest, and so several research 

studies into the field has been done. Baur et. Al (2017), Ciaian et. Al (2014), Yermack (2015) 

and Gronwald (2015) have all studied how Bitcoin performs in the market, and how it can be 

labeled, and have all drawn the conclusion that Bitcoin resembles a speculative asset more 

than the currency it is set out to be. Baur, Hong et. Al (2017) also put support behind this, as 

their findings found most Bitcoin are held to speculate in a return on rising Bitcoin price. This 

speculative nature, and the fact that Bitcoin has no intrinsic value is of great interest as 

something must drive the Bitcoin price dynamics. Dyhrberg (2016) found that financial 

market factors did indeed attribute to the return on Bitcoin, but on the other hand Ciaian et. 

Al (2014) found no relationship between Bitcoin return and traditional financial market 

factors. Kristofouk (2013), Gronwald (2015), Ciaian et al (2014) and Mai et. Al (2016) all 

found that Bitcoin return could in fact be driven by demand side dynamics, such as attention 

and investor attractiveness.  

In this thesis, an updated dataset in terms of the development in Bitcoin prices is used when 

assuming the categorization approach of Baur et. Al (2017) for two reasons. Firstly, because 

our dataset extends to including the drop of Bitcoin prices during January of 2018. Secondly, 

if Bitcoin is to be labeled as an inherently speculative asset with the updated dataset, the 

result substantiates our approach towards expanding the framework of Ciaian et. Al (2014). 

Our contribution to their paper is examining the investor attractiveness variable through a 

new theoretical model within their framework. The theoretical model is tested in chapter 8 

and may be considered our main contribution to the literature of Bitcoin. Lastly, the results 

of this thesis questions the framework on which the approach of Ciaian et. Al (2014) is built, 

due to the results from categorizing Bitcoin. 

 

                                                                 
8 Satoshi Nakamoto`s White paper was sent around late 2008 
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3. Theoretical framework 

In studies done by Kristoufek (2013), Ciaian et. Al (2014) and Gronwald (2015) all found 

results on news, media attention and investor behavior significantly affect the price of 

Bitcoin, and the importance of macroeconomic factors on price formation are small or not 

existing. As previously mentioned, Bitcoin has closer resemblance to a financial asset used 

for speculation than a currency, but its design and prospects for the future is as a currency. 

So, analysis is augmented most correctly done by considering Bitcoin to be a fiat currency 

Ciaian et. Al (2014). With a theoretical framework put forward by Barros (1979), and further 

made more relevant by Ciaian et. Al (2014), this thesis will try to further investigate how 

attention around Bitcoin is forming the price of Bitcoin.  

The model which is the building stone of the thesis that Bitcoin price formation is highly 

connected to attention was first put forward by Barros (1979), but the one of relevance to 

this thesis is the revised model from Ciaian et. Al (2014); ά¢ƘŜ ŜŎƻƴƻƳƛŎǎ ƻŦ .ƛǘ/ƻƛƴ ǇǊƛŎŜ 

ŦƻǊƳŀǘƛƻƴέΦ Initially it was a model developed for the study of how prices were formed 

under the Gold standard. Ciaian et. Al (2014) tweaked this model to explain how the price of 

Bitcoin are formed, specially focusing on three areas; 

1. Supply-Demand interactions 

2. Bitcoins attractiveness for investors 

3. Global macroeconomic and financial developments 

Formally, the model takes form as follows. Money supply for Bitcoin is fixed and transparent, 

a given amount of Bitcoin is added to the network at an already determined rate until the 

max amount of 21 million is reached. The money supply of Bitcoin becomes the price of 

Bitcoin multiplied with the Bitcoins in circulation.  

 ὓ ὖὄ (3.1) 

Where B is the amount in circulation, and ὖ  is the price of Bitcoin. The demand for Bitcoin 

then is. 

 ὓ
ὖὣ

ὠ
 (3.2) 

The demand for Bitcoin depends on the general prices of goods and serviced P. Y, which is 

the size of the Bitcoin economy, and V, the velocity of which transactions of one Bitcoin 
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takes place. Equilibrium price condition of Bitcoin implies that the supply and demand of 

Bitcoin must be equal, which gives rise to the following relation for Bitcoin price. 

 ὖ
ὖὣ

ὠὄ
 (3.3) 

It can be read from this relationship that the price of Bitcoin decreases by higher transaction 

volumes, and with rising stock of Bitcoin. On the other hand, higher general price level and 

increasing size if the Bitcoin economy will increase the price of Bitcoin.  

 Second, the attractiveness for investors is something that literature has shown significantly 

influences the price of Bitcoin. For potential investors gathering information can be costly, 

both in more technical terms and in finding potential investments. For Bitcoin, the growing 

interest and consciousness in the media concerning its existence is something that made 

gathering information on Bitcoin less costly for investors. This can be seen when prices spike, 

also the attention surrounding Bitcoin spikes9. This is also found by Ciaian Et. Al in the 

ōǳƛƭŘƛƴƎ ƻŦ ǘƘŜ ŦǊŀƳŜǿƻǊƪΣ ŀǎ ƛǘ ƛǎ ǎǘŀǘŜŘ άLƴǾŜǎǘƳŜƴǘ ƻǇǇƻǊǘǳƴƛǘƛŜǎ ǳƴŘŜǊ ǘƘŜ ŀǘǘŜƴǘƛƻƴ ƻŦ 

ǘƘŜ ƴŜǿǎ ƳŜŘƛŀ Ƴŀȅ ōŜ ǇǊŜŦŜǊǊŜŘ ōȅ ƴŜǿ ƛƴǾŜǎǘƻǊǎΦ .ŜŎŀǳǎŜ ǘƘŜȅ ǊŜŘǳŎŜ ǎŜŀǊŎƘ ŎƻǎǘǎέΦ 

(Ciaian, 2014:7) A coefficient ὥ is modelled in, which catches the attractiveness for investors 

from attention from news media. By a log transformation of the equilibrium condition, and 

adding ὥ, Ciaian Et. Al (2014) model then becomes: 

 ὖ  ‍ ‍ὴ ‍ώ ‍ὺ ‍ὦ ‍ὥ ‐    10 (3.4) 

 

How the coefficient ὥ affects and influences Bitcoin price is what this thesis will try to find out 

and add to existing work on the topic.  

The reason for excluding the other variables for the sake of our analysis is two folded. Firstly, 

extensive literature has found that macroeconomic, and traditional financial assets and 

factors do not affect Bitcoin return. This is found by Gronwald (2015), Ciaian et. Al (2014) 

and Kristofouk (2013), who all points at the speculative nature of news in the price 

formation of Bitcoin. Also, the volatility and size of the Bitcoin economy today is something 

that does not really make sense in the price formation of Bitcoin, as Bitcoin mainly takes it 

                                                                 
9 See figure 6.1 
10 In the original model, also a coefficient Mt is added for financial factors affecting Price, but that is not of 
interest to our analysis.  
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value from the prospect of future value as a currency. The scaling problems when it comes 

to Bitcoin transactions11 and the fact that most Bitcoin are bought to be held to speculate in 

higher future value. 

The categorization of Bitcoin in part 7. Will provide valuable knowledge about how robust 

this framework is for analyzing Bitcoin. Bitcoin is designed, and meant to be a currency, but 

have so far not been widely used as such, but more as a speculative investment.  

3.1 How is supply and demand generated for Bitcoin? 

As already known, the supply of Bitcoin is limited to 21 million Bitcoins, and the rate that 

new Bitcoins will be introduced to the market is known to all. This leaves little unknown 

about the supply side dynamics, as it is close to as transparent as it can be. The only 

unknown variable in the supply side of Bitcoin is how many of existing Bitcoin owners are 

willing to sell their Bitcoin at a given time. Ciaian et. Al (2014) strongly argues that the price 

driver in Bitcoin is supply and demand, meaning capitalism in its purest form. These supply 

and demand dynamics are also what often gives rise to the excessive volatility which have 

been discussed and will be further investigated throughout this paper.  

Demand side dynamics are the fascinating part of Bitcoin, as traditional macroeconomic 

factors have been found by economists to not really play a part in how price is formed. 

(Ciaian et.al 2014) Our thesis is that the key driver of the demand side of the Bitcoin price 

formation is of more behavioral sort, it is the attention and the momentum in the market 

that drives price and so return. As a short summarization of what Bitcoin is, it is a type of 

FIAT currency which is issued outside of governmental control and is so not part of the 

traditional financial markets. This separation from the markets closes the door to a lot of 

macroeconomic factors affecting Bitcoin. However, geopolitical factors are something that 

can affect the demand side of Bitcoin price dynamics.  

 

 

                                                                 
11 See appendix 
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3.2 Investor attractiveness 

"It's worse than tulip bulbs. It won't end well. Someone is going to get killed."  

- Jamie Dimon, J.P. Morgan 

There exists a wide range of strong opinions regarding the subject that is Bitcoin. Some 

believe that Bitcoin is a fraud and a pyramid scheme which eventually will drive the Bitcoin 

price to zero. Other believe Bitcoin to be the currency of the future that will render all third-

party agents, such as banks, obsolete. Jamie Dimon, CEO of J.P. Morgan belongs to the first 

category, having voiced his opinion on the matter several times. The quote above is an 

outtake from a longer statement he made during the Barclay banking conference on 12th of 

September 2017. The price of Bitcoin dropped by 10% the following 24 hours after. Whether 

the price fell because of the substance of his statement, or the statement at all, is uncertain, 

but the price of Bitcoin has proven to be extremely volatile-sensitive to media attention on 

multiple other occasions. For instance, on the 4th of September, eight days before Jamie 

5ƛƳƻƴ ŎŀƭƭŜŘ ƻǳǘ .ƛǘŎƻƛƴ ǘƻ ōŜ ŀ ŦǊŀǳŘΣ ŀ ŎƻƳƳƛǘǘŜŜ ƭŜŘ ōȅ /ƘƛƴŀΩǎ ŎŜƴǘǊŀƭ ōŀƴƪ ƛǎǎǳŜǎ ŀ ōŀƴ 

on ICO funding12, TechCrunch. (2018). This caused the price to drop $4,845 to around 

$4,35013, i.e. a 10,2% drop in price. In theory, whether ICOs are allowed or not should not 

affect the price of Bitcoin, since this does not alter the functionality of Bitcoin as a medium 

of exchange. Even though companies in China are no longer able to gather funds through 

token sales, you are still free to trade your Bitcoin whenever. 

It is hard to find clear evidence of positive attention being a price driving factor in the same 

way as with negative media attention. However, when trading in Bitcoin futures were 

announced the price jumped over $2,000 in an hour. It is unclear as to this being the only 

reason behind the spike in price, but it is fair to assume that the volatility-sensitivity 

mentioned with bad news also applies to good news. This is news which started out as being 

strictly positive- but soon faded as people realized this opened for possibility to short 

Bitcoin.  

                                                                 
12 ICO is short for Initial Coin Offering. This offers a way for a company to raise funds for a project, and is the 
equivalent of IPO (Initial Public Offering) in the world of crypto currencies, where instead of buying equity in a 

company, you buy tokens. Usually these tokens have a function of some sort, however this is no requirement. 
13 https://coinmarketcap.com/currencies/bitcoin/#charts, timeframe 03.09.17-04.09.17 

https://coinmarketcap.com/currencies/bitcoin/#charts
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Lƴ мфос WƻƘƴ aŀȅƴŀǊŘ YŜȅƴŜǎ ǳǎŜŘ ǘƘŜ ǘŜǊƳ ά!ƴƛƳŀƭ {ǇƛǊƛǘǎέ ƛƴ Ƙƛǎ The General Theory of 

Employment, Interest and Money, to explain how emotions guide our behavior. Keynes see 

actions done by people during times of volatility as the driver of the said volatility (Keynes, 

1936). Looking at the China ban on ICO`s and how this caused a drop in Bitcoin price, it can 

be said that irrational behavior affects the market response, which possibly could be 

attributed to animal spirits being present. Looking at Bitcoins bull market it could be argued 

that the phenomenal rise was fueled by animal spirits, as to there were no fundamentals 

behind the rise, but people continued to buy Bitcoin. Verto Analytics performed an analysis 

on the user growth of Coinbase14 It almost doubled its user numbers from 2,2 million in 

November 17,  to 4,3 million in December 17, Hwong, C. (2018). This was when the Bitcoin 

price where soaring from around $6,000 to $20,000.  

3.3 Google Trends ς a proxy for media attention 

In this thesis we investigate whether media attention is one factor driving the return of 

Bitcoin. We illustrate the approach used by a hypothetical example. Consider an investor 

ǳǎƛƴƎ ǘƘŜ DƻƻƎƭŜ ǎŜŀǊŎƘ ŜƴƎƛƴŜ ǘƻ ǎŜŀǊŎƘ ŦƻǊ ǘƘŜ ƪŜȅǿƻǊŘ Ψ.ƛǘŎƻƛƴΩΦ tƻƴŘŜǊƛƴƎ ǘƘŜ 

motivation behind his curiosity, the two reasons we could come up with were the following: 

either he read about Bitcoin in a news article or on a blog, or someone else has spoken of 

Bitcoin in his presence, which fundaments in some media source. Thus, we hypothesize that 

both scenarios can be traced back to media coverage of Bitcoin. In either case, he is 

intrigued enough to investigate the new, unfamiliar crypto currency using Google. 

If what we hypothesize is correct, namely that the Google searches made by people reflects 

what people gather from the media landscape, the scaled and relative size of search volume 

ŦƻǊ ǘƘŜ ƪŜȅǿƻǊŘ Ψ.ƛǘŎƻƛƴΩ ǿƛƭƭ ŀƭǎƻ ǊŜŦƭŜŎǘ ǘƘŜ ǊŜƭŀǘƛǾŜ ǎƛȊŜ ƻŦ ǘƘŜ ǾƻƭǳƳŜ ƻŦ ƴŜǿǎ ŀǊǘƛŎƭŜǎ ŀƴŘ 

blog posts mentioning Bitcoin in one context or the other. Put in other words: we believe 

that the interest in a topic exhibited by people in general, measured by google trends, 

reflects the coverage of this topic by the media. Hence, we believe that Google Trends will 

approximate media coverage. While this hypothesis is fundamentally based on our logical 

reasoning, it is also supported by Cervellin, Cornelli and Lippi (2017) who concludes that 

άhǾŜǊŀƭƭΣ DƻƻƎƭŜ ¢ǊŜƴŘǎ ǎŜŜƳǎ ǘƻ ōŜ ƳƻǊŜ ƛƴŦƭǳŜƴŎŜŘ ōȅ ǘƘŜ ƳŜŘƛŀ ŎƭŀƳƻǊ ǘƘŀƴ ōȅ ǘƘŜ ǘǊǳŜ 

                                                                 
14 An exchange for buying and selling Bitcoin 
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ŜǇƛŘŜƳƛƻƭƻƎƛŎŀƭ ōǳǊŘŜƴΦέ. Even though the paper was concerned with the coherence of 

actual outbreaks of diseases to people using google to search for these diseases, they found 

ǘƘŀǘ ά¢ƘŜ ǎŜŀǊŎƘ ǾƻƭǳƳŜǎ ƻŦ DƻƻƎƭŜ ¢ǊŜƴŘǎ ŀǊŜ ŦǊŜǉǳŜƴǘƭȅ ŦƻǳƴŘ ǘƻ ōŜ ƛƴŎǊŜŀǎŜŘ ŦƻǊ 

ŎƻƴŘƛǘƛƻƴǎ ǿƛǘƘ ƭŀǊƎŜ ƳŜŘƛŀ ŎƻǾŜǊŀƎŜ όΧύέ /ŜǊǾŜƭƭƛƴ Ŝǘ ŀƭ. (2017). These findings are also 

confirmed by another paper in which the authors explore (among other things) the 

relationship between public interest and quantities of online news articles. In this paper, it is 

uncovered that: 

ά¢ƘŜ ǉǳŀƴǘƛǘȅ ƻŦ ƴŜǿǎ ŀǊǘƛŎles was related to patterns in Google search volume, 

whereas the number of research articles was not a good predictor but lagged behind 

Google search volume, indicating the role of news in the transfer of conservation 

ǎŎƛŜƴŎŜ ǘƻ ǘƘŜ ǇǳōƭƛŎΦέ Nghiem LTP, Papworth SK, Lim FKS, Carrasco LR (2016).  

3.4 The theoretical model for investors attractiveness 

Using Google Trends as a proxy for media attention, figure 3.1 represents our theory of how 

ǘƘŜ ǾŀǊƛŀōƭŜ ΨLƴǾŜǎǘƻǊ ŀǘǘǊŀŎǘƛǾŜƴŜǎǎΩ ƳƛƎƘǘ ōŜ ŦƻǊƳŜŘΦ ¢Ƙƛǎ ƛǎ ŀ purely hypothetical 

framework which is based on the arguments presented thus far. 

Figure 3.1: The theoretical model for investor attractiveness 

 

 

 

 

 

 

 

Figure 3.1: Media coverage of Bitcoin, either positive or negative results in investors seeking out 

information on the term, using the Google search engine. After becoming informed, the investor 

decides to purchase a Bitcoin, sell a Bitcoin, or do nothing. The effect of his action generates a 

feedback-effect so long as he takes action, in which case we return back to the first period. 
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The process step by step: 

1. Media coverage captures the effect of events that have proved to affect the price of 

Bitcoin, both good news and bad news.  

2. After reading or hearing about Bitcoin, investors want to know more on the topic, and use 

the Google search engine to explore the term. At this stage, the investors who are already 

informed will most likely skip this stage and directly act on basis of the news coverage. 

Therefore, this stage of the figure captures the effect of those investors who are new to the 

market. 

3. Investors will buy, or investors will sell based on the substance of the news, which mirrors 

the reality of for instance shutdown of exchanges, or different psychological effects of 

human nature. Due to the time it takes to become informed on the topic, it is likely that 

there will be a latency which will reflect new investors entering the market. We illustrate this 

by an example:  

An investor is intrigued by the new and unfamiliar cryptographic currency mentioned by 

some media source. But before the investor does the trade from dollar to Bitcoin, he must 

first consider two things: He perhaps uses the Google search engine to do the research 

needed to decide on buying Bitcoin or not. Next, should he decide on buying Bitcoins, the 

investor needs to create an electronical wallet with an exchange, so he can trade dollars to 

Bitcoin and store the money during the exchange. Creating a wallet such as this takes time, 

at least 24 hours, because the verification of identities must be done thoroughly by the 

exchange to ensure safety of its customers. For many customers, this is not an easy process, 

so even if it only takes a day or two to have your account with the exchange verified, one 

would perhaps have to learn the mechanics of the website in the process. We tried creating 

an account with Coinbase.com, an exchange where you can purchase a variety of different 

crypto currencies. The process took a few more days than a week, which in turn verifies this 

theory.  

4. Because the price of Bitcoin in terms of dollars is internally driven, people buying or selling 

Bitcoin will drive the price up or down. At this stage of the figure, the affected price of 

Bitcoin will generate a feedback effect towards media coverage, for instance by news articles 

narrating stories of people becoming rich, or people losing a lot of money.  
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3.5 Formulating the model 

In the second stage of the figure investors gather what information they can regarding 

.ƛǘŎƻƛƴ ōŜŦƻǊŜ ǘƘŜȅ ŜƛǘƘŜǊ ǘŀƪŜ ŀŎǘƛƻƴ ƻǊ ŘƻƴΩǘΦ ¢ƘŜ ǘƛƳŜ ƴŜŜŘŜŘ ǘƻ ōŜ ǎǳŦŦƛŎƛŜƴǘƭȅ ƛƴŦƻǊƳŜŘ 

will be implied by statistical significant lagged time periods of Google Trends.  

To measure the impact of the possible feedback effect illustrated by the fourth stage in 

figure 3.1, we must also consider an equation in which Google Trends is the dependent 

variable. 

Our suggested measurement of investor attractiveness can therefore be expressed by the 

following VAR(p) representation: 
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where P = Logarithmic Bitcoin price in terms of dollar and T = Logarithmic values of Google 

Trends.  

The estimated VAR(p) model will determine the length of time new investors require to 

gather information before investing, and to what extend the new investors influence the 

Bitcoin price. We further extend the model on basis of three arguments: 

1. Because the datasets applied in the context of testing this theoretical model is on a 

weekly format, it is highly likely that the Bitcoin price and Google Trends are 

simultaneously determined, in which case the first and third period of figure 3.1 

occur at the same time. To circumvent this, we shall tweak the model represented by 

equation 3.5 in terms of the methodology presented in chapter 4. In short, we 

transform the compact matrix form in equation 3.5 to a reduced form.  

2. One obvious disadvantage using this method is not being able to measure the 

contemporaneous effect of investors reactions to news coverage. Our suggested 

model when transformed to reduced form only considers the lagged effects of media 

attention, which in turn means that we can only provide some understanding of how 

the demand for Bitcoin is generated; i.e. when new investors entering the market. In 

attempt to separate the two groups of investors, we estimate the cointegrating 



12 
 

relationship between the two variables15. The procedure is elaborated in chapter 4 

and implemented in chapter 8.  

3. The second disadvantage of this model rests on the fact that we are not able to 

distinguish positively and negatively narrated news. Google Trends will capture both 

sides simultaneously. In chapter 8, we introduce a dummy variable which is set to 

measure the asymmetric effects regarding the substance of news coverage, with the 

aim to measure the average effect on Bitcoin return in both scenarios.  

Combining the three arguments we can reformulate the VAR(p) model to become a VECM 

model: 
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where Pt = Logarithmic Bitcoin price in terms of dollar in period t and Tt = Logarithmic values 

of Google Trends in period t. Ў implies first difference of the coherent variable, ɩ  is the 

coefficient matrix of the constants, ό is the residual matrix in which the residuals might be 

correlated. ὅὍ is the cointegrating vector16 , ‌  and ‌ are the speed of adjustment 

parameters. Lastly Dt is a dummy variable measuring the asymmetric response to news 

coverage: 

Ὀ  
ρ ὭὪ ὴέίὭὸὭὺὩ ὲὩύί ὧέὺὩὶὥὫὩ

π ὭὪ ὲὩὫὥὸὭὺὩ ὲὩύί ὧέὺὩὶὥὫὩ
 

The model is specified on reduced form17 to avoid simultaneous bias. When some error 

distorts the long-term equilibrium between logged Bitcoin price and logged Google trends, 

we regard the implied shifts in long-term dynamics as the reactions of investors already 

settled in the Bitcoin market. Building the model is elaborated in chapter 4, and the model is 

estimated and analyzed in chapter 818. 

                                                                 
15 In chapter 8, we employ the Johansen cointegration test and uncover that the two variables are 

cointegrated. The methods used are presented in chapter 4. 
16 For the method of estimating the cointegrating vector, and a more thorough explanation of the involved 
coefficients, we refer to chapter 4. 
17 Note that reduced form is implied when using Johansens method for estimating the VECM model. 
18 Under new notations 
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4. Methodology 

In this chapter we present and discuss the different procedures we use to answer the two 

questions raised by this thesis: How is Bitcoin categorized, and how does media attention 

influence the return on Bitcoin? The chapter is structured in the following way: first we 

present the common methods that are applied when answering both questions. Secondly, 

we review the methods used for analysing the volatility process of Bitcoin and its 

comparable variables. In the third part of the chapter we present the methods used when 

estimating the VECM model which was introduced in chapter 3. 

4.1 Common method 

4.1.1 The Dickey-Fuller test 

When estimating single-equation models it is of great importance to the researcher that the 

estimated variables are stationary. If a given variable is stationary, standard inference 

methods are plausible when estimating this variable. When a variable contains a unit-root, it 

is said to be none-stationary, and normal inference methods cannot be used. In such 

ƛƴǎǘŀƴŎŜǎ ǘƘŜ ǾŀǊƛŀōƭŜ ƛǎ ƎŜƴŜǊŀǘŜŘ ōȅ ŀ ΨǊŀƴŘƻƳ ǿŀƭƪΩ ǇǊƻŎŜǎǎΣ ǿƘŜǊŜ ǎƘƻŎƪǎ ǘƻ ǘƘŜ ŜǊǊƻǊ-

term are persistent for all time periods. A formal method of testing whether the variable 

contains a unit-root has been presented by Dickey and Fuller (1979). The Dickey-Fuller test 

(DF-test) is performed by investigating whether the variable yt-1 in the simple AR(1)-model 

given by equation 4.1 contains a unit-root: 

 ώ ‌ώ ‐ (4.1) 

 ‐ͯ ὭȢὭȢὨȢὔπȟ„  (4.2) 

The null is formulated as such: the variable yt is not stationary, denoted as I(1). The 

alternative hypothesis is that the variable yt is stationary, denoted as I(0). The error-term is 

assumed to be a white noise process as stated by equation 4.2. If the variable does contain a 

unit-root, the coefficient, h1, should be equal to unity. Dickey and Fuller (1979) proposed to 

subtract yt-1 on both sides of equation 4.1, which gives us the equations 4.3 and 4.4: 

 Ўώ ɻ ρώ ‐ (4.3) 

 Ўώ ”ώ ‐ (4.4) 
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The Dickey-Fuller test is then performed by testing the null, 1́ = 0, against the alternative 

that 1́ < 0. Under the null hypothesis of none-stationarity, normal inference methods cannot 

be applied when estimating the test statistic: 

 ὸ
”

ίὨ”
 (4.5) 

Instead, Dickey and Fuller presented their own table with critical values based on Monte-

Carlo simulations. Estimating equation 4.4 and calculating the test statistic given by equation 

4.5, the calculation may be evaluated against the critical values gathered by Dickey and 

Fuller (1979). 

However, it is not always the case that the error-term purely consists of white noise. To 

avoid serial correlation in the residuals, and general misspecification of the model given by 

4.4, an extension to the simple Dickey-Fuller test may be applied. The augmented Dickey 

Fuller test (ADF-test) includes differenced lags of the independent variable as explanatory 

variables in the model. Throughout this thesis, this method is used to determine stationarity. 

The extension to the standard DF-test can be expressed by equation 4.5 and may be further 

extended by for instance a trend- or a drift term. 

 Ўώ ‍ ”ώ •Ўώ ‐ (4.5) 

where ”  В ‌ ρ,       •   В ‌   

4.1.2 Return series 

If a variable is found to contain one unit root, differencing the variable once will render the 

variable stationary. As we shall see during this thesis, all variables at hand contain one unit 

root. The formula we use to generate stationary variables is the following: 

 ὶ ρππzÌÏÇὖ ÌÏÇὖ     (4.6) 

Where rt is return, and Pt refer to the variable on level form. Multiplied by a hundred, rt 

represents the percentage change for any given variable, which will be useful when 

interpreting the results later. For all variables that are expressed in dollar terms, rt is 

mentioned as the return in time t. For the variable that is not denominated in dollar, rt is 

mentioned as the percentage change in time t. 
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4.1.3 Choosing the correct lag length in dynamic single equation models 

When deciding how many lags to include in a given dynamic single equation model, we apply 

the general-to-specific method. Using this method, one would start by estimating a general 

model, and removing the last lag that is not proven statistically significant. Repeating this 

process until all estimated lagged variables are statistically significant yields the correct 

model following this procedure. However, this method alone could result in either including 

or excluding too many lags, thus either overparameterizing the model19 or excluding 

important information in the general model. 

By combining the general-to-specific method with the information criteria, we can overcome 

ǘƘƛǎ ǇŀǊǘƛŎǳƭŀǊ ƛǎǎǳŜΦ ¢ƘŜǊŜŦƻǊŜΣ ǘƻ ŎƻƳŜ ŎƭƻǎŜǊ ǘƻ ǘƘŜ ΨǘǊǳŜΩ ƳƻŘŜƭ ǿƘŜƴ ǎǇŜŎƛŦȅƛƴƎ ǘƘŜ 

general model, we shall use the following information criteria which are reported in 

OxMetrics: Akaikes Criterion (AIC), Schwarz Criterion (SC) and Hannan-Quinn Criterion (HQ). 

Following Doornik A. Jurgen and Hendry F. David (2013a)20 these criteria are given by the 

following equations: 

 ὃὍὅÌÏÇ„ ςὯ Ὕ  (4.7) 

 Ὓὅ ÌÏÇ„ ὯὰέὫὝὝ  (4.8) 

 Ὄὗ ÌÏÇ„ ςὯ ÌÏÇÌÏÇὝ  Ὕ  (4.9) 

Using the maximum likelihood estimate of 2̀: 

 „
Ὕ Ὧ

Ὕ
„

ρ

Ὕ
ό (4.10) 

The information criteria equations hold two important implications: first, the left side of the 

equations imply that the greater the number of variables in the general model, the smaller 

the variance will be. The right side of the equations tells us in what degree the different 

equations increases in value when more variables are added to the general model. Keeping 

in mind that the goal is to minimize the values of the information criteria, the right-hand side 

penalizes the general model that includes excess explanatory variables compared to the true 

model.  

                                                                 
19 This would mean having too many degrees of freedom when estimating the model, which causes problems 
when estimating the general model. 
20 For supplementary reading of the respective criteria, see Akaike (1973,1974), Hannan and Quinn(1979), 
Schwarz (1978) and Rissanen (1978). 
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The properties of the information criteria are summarized by Lütkepohl, H. and Krätzig, M. 

(2004) in the following way: AIC asymptotically overestimates the order with positive 

probability, HQ estimates the order consistently (plim ὴǶ ὴ and SC is even strongly 

consistent (ὴǶO ὴ ὥȢίȢ)21. Thus, we write the order of explanatory variables selected by the 

different criteria in the following sequence: 

ὴǶὛὅ ὴǶὌὗ ὴǶὃὍὅ 

In the multivariate scenario, the information criteria hold the same properties. Following the 

simulation analysis of Alain Hecq (1996) it is advocated weighting the results of SC relatively 

to the other information criteria when determining the lag-length of VAR-equations in the 

presence of GARCH-errors. The multivariate information criteria are listed in the appendix. 

4.1.4 Diagnostic testing: post estimation 

After specifying the general model in terms of the method presented in 4.1.3, it is important 

to conduct diagnostic testing. If the general model is correctly specified, there should be no 

serial correlation in the residual term. However, testing for serial correlation in the post-

estimation phase provides confirmation to whether the general model is an adequate 

representation of the true model. In this section we review the two test procedures that we 

use throughout this thesis: The ARCH-LM test and the Ljung-Box test. The latter is both used 

in chapter 7 and 8. 

4.1.4.a The ARCH-LM test 

Having decided what lag-length the general model should have based on combining the 

general-to-specific method with looking at the information criteria, we are here concerned 

with uncovering GARCH-errors in the series. To investigate this matter, the standardized 

residuals from the estimation of the general model are stored in a standardized quadratic 

form measured by ‐, which is then regressed on a constant in addition to m lags of its past 

observations. That is, a regression on the following equation: 

 ‐ ‌ ‌‐ ‌‐ Ễ ‌ ‐ ύὬὭὸὩ ὲέὭίὩ (4.11) 

If the autocorrelations of the underlying time series are accounted for by the ARMA-

specification in the mean equation, there should be no serial correlation since the residuals 

                                                                 
21 The results are the same in the presence of GARCH-errors, see Hecq, Alain (1996) 
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in this case are uncorrelated with mean zero. However, there may still be serial dependency 

in the residuals caused by some nonlinear generating process not captured by the simple 

ARMA-model, which in this case could suggest the existence of heteroscedasticity in the 

time series. Uncovering this tendency (heteroscedasticity) can be done by the usage of 

several different tests, such as the Engle ARCH-LM test (Engle, 1982) and McLeod-Li test 

(McLeod and Li, 1983). Bollerslev (1986) suggested that the Engle ARCH-LM test should also 

have power of proving GARCH-effects, which concurs with Enders (2015)Υ άόΧύ ƛŦ ȅƻǳǊ ƭŀƎ 

length is shorter than the true structure, and if you still detect GARCH effects, you can 

ŎƻƴŎƭǳŘŜ ǘƘŀǘ D!w/I ŜŦŦŜŎǘǎ ŀǊŜ ǇǊŜǎŜƴǘ ƛƴ ǘƘŜ ŘŀǘŀΦέ ό9ƴŘŜǊǎΣ нлмрΣ ǇŀƎŜ мслύΦ Choosing 

amongst the tests, OxMetrics limits the selection to the ARCH-LM test which is no negative 

limitation considering the arguments presented.  

When applying the tests using OxMetrics, we set the lag-length (m) to different values to 

check the different intervals of the residual-series. The test is carried out by testing the null 

hypothesis being H0:  ‌= ‌Ґ ΣΧΣ ‌ = 0, or rather put in words: all coefficients measuring 

the impact of the lagged squared residual terms in equation (4.11) are jointly equal to zero. 

We set three different lag intervals, namely 1-2, 1-5 and 1-10. 

4.1.4.b The Ljung-Box test 

Even though the general model is specified using the method presented in 4.1.3, there may 

still be autocorrelation in the residuals. If this is the case, the Q-statistics formed using the 

correlations of the squared residuals will, if proven significant (i.e. below a p-value of 0,05), 

imply strong evidence of GARCH effects (Enders, 2015). The Q-statistics in referring to the 

Ljung-Box test, which is an improved Box-Pierce test set to uncover autocorrelations in large 

finite time series (G. M. Ljung; G. E. P. Box, 1978). It is worth mentioning that this test has 

been disputed by Madalla, who argued that when including none exogenous explanatory 

variables, such as lags of the dependent variable, the properties of the Q-statistics used in 

the Ljung-Box test will not be asymptotically convergent towards a chi-squared distribution, 

rendering the test biased toward accepting the null hypothesis of no autocorrelation. He 

instead suggested to use Breusch-Godfrey test for serial correlation. (Madalla, 2001). 

Though the arguments of Madalla (2001) disputes implementing the Ljung Box test, 

OxMetrics once again limits the assortment of tests to the said test for autocorrelation. 

Therefore, we use the Portmanteau Q-statistics (Ljung Box test).  
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Following Doornik and Hendry (2013a), the sampled autocorrelation function (ACF) of a 

variable ὼ is the series {rj} where rj is the correlation coefficient between ὼ and ὼ  for j = 

мΣΧΣǎΥ 

 ὶ
В ὼ ὼӶὼ ὼӶ

В ὼ ὼӶ
 

 

(4.12) 

The Portmanteau statistic is given by: 

 ὒὄί Ὕ
ὶ

Ὕ Ὦ
 

 

(4.13) 

When reporting the test results, we investigate different intervals of the time series, 

denoted as Q(5), Q(10), Q(20), and Q(40). 

4.2 Method for categorization 

4.2.1 GARCH models 

In our attempt to categorize Bitcoin, we apply the method of Baur et al. (2017), with two 

important distinctions. Firstly, instead of assuming each model to be fitted well by one AR 

lag, we follow the procedure of estimating each variable subject to the comparison 

separately; using the technique presented in section 4.1.3. When the ARMA(p,q) 

representation is adequate, the conditional variance is closely examined. The second 

distinction from the method of Baur et al. (2017), is we fit the best possible GARCH type 

model to the conditional variance of each variable. This way, the analysis is extended to 

include a comparison of model selections. The next paragraphs will provide the knowledge 

one needs to follow the analysis of chapter 7. 

Typically, financial time series show tendencies to clustered volatility where if a large value 

in the variance occurs at some point during the time series, it is expected that the next 

period of the variance is also large (in absolute values). The GARCH model is an extension of 

9ƴƎƭŜΩǎ !w/I-model (1982) presented by Bollerslev (1986).  A simple GARCH(1,1) model is 

given by the following equations: 

 Ù ɿ  ‐ (4.14) 

 ‐  Ö È (4.15) 
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 ὺ ͯ ὭȢὭȢὨȢὔπȟρ (4.16) 

 Ὤ ‌ ‌‐ ‍Ὤ  (4.17) 

The conditional variance of ‐ is equal to Ὤ, because the conditional variance of ὺ is equal 

to unity per assumption of it being white noise, stated by equation 4.16. Therefore, the 

GARCH-model estimates the conditional variance equation as generated by an ARMA-

process which need not be constant over time, thus allowing for the variance to depend on 

previous observed values of itself. Note that a GARCH(0,1) specification is equivalent to 

setting ‍equal to zero, which would then transform the model to the original ARCH(1) 

model of Engle (1982).  

With basis in the GARCH model, several extensions have been proposed. These models 

usually alter the conditional variance equation of the standard GARCH model.  An example 

of properties ǘƘŀǘ ŀǊŜ ŀŎŎƻǳƴǘŜŘ ŦƻǊ ƛƴ ǘƘŜǎŜ ƳƻŘŜƭǎ ƛǎ ǘƘŜ ΨƭŜǾŜǊŀƎŜŘ ŜŦŦŜŎǘΩ όDWwΣ 9D!w/IύΣ 

i.e. asymmetric responses to shocks in a negative and positive manner measured in the 

conditional variance22. The GJR model, proposed by Glosten, Jagannathan and Runkle (1993) 

alters the conditional variance by including a dummy variable that captures the different 

effects from when the variance term ‐  is positive and negative respectively: 

 Ὤ ‌ ‌‐ ‎Ὀ ‐ ‍Ὤ  (4.18) 

Where Ὀ  is a dummy variable equal to 1 if ‐  is greater than zero, and 0 if ‐ is smaller 

than zero. A negative and significant estimate of the coefficient ‎will imply that negative 

shocks increase the variance by more than positive shocks do. This is tƘŜ ǎƻ ŎŀƭƭŜŘ ΨƭŜǾŜǊŀƎŜŘ 

ŜŦŦŜŎǘΩΦ 

A second relevant variation to the GARCH model is the integrated GARCH (IGARCH), in which 

the conditional variance is persistence for all periods of time during a time series. The 

IGARCH(1,1) model assumes that is ‌+ ‍is equal to 1. This gives us the equation for 

conditional variance equal to: 

 Ὤ ‌ ‌‐ ‍Ὤ  (4.19) 

   ‍ ρ ‌  
 

(4.20) 

On many occasions when modelling financial data, one finds that the sum of these two 

coefficients are approximately equal to unity. This means that the conditional variance 

                                                                 
22 see Black (1976) 
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estimated exhibits a strong persistence and is categorized as a random walk process. 

Assuming that the sum of the two parameters equals unity, one would have the advantage 

of estimating one less coefficient, rendering the IGARCH model more parsimonious than the 

original GARCH model. At the same time, a GARCH model would capture more of the 

variation in the underlying time series, so there exist trade-off benefits when comparing the 

two, in which case the information criteria should decide what model is best. Enders (2015). 

4.3 Method for estimating the VECM 

Our theoretical model presented in chapter 3.4 is a VECM model. This section will provide 

information of how we intend to build the VECM which is used to examine how the investor 

attractiveness variable can be formed. With an example of two variables, in this last part we 

consider a simple first order vector auto regressive model (VAR(1)). Section 5.3.1 is mostly 

ōŀǎŜŘ ƻƴ ǘƘŜ άLƴǘǊƻŘǳŎǘƛƻƴ ǘƻ ±!w ŀƴŀƭȅǎƛǎέ ŎƘŀǇǘŜǊ ƻŦ 9ƴŘŜǊǎ (2015).  

4.3.1 VAR: reduced form 

In this thesis, it is of importance to determine the relationship among Bitcoin and Google 

trends. As discussed in chapter 3, the two variables could be simultaneously determined, 

which means that estimating equation 4.21 and 4.22 by OLS would cause simultaneous 

equation bias23: 

 ὢȟ ὥ ὥ ὢȢ ὦ ὢȟ ὦ ὢȟ ‐
ȟ
 (4.21) 

 ὢȟ ὥ ὥ ὢȟ ὦ ὢȟ ὦ ὢȟ ‐
ȟ
 (4.22) 

Equation 4.21 and 4.22 constitute a first-order vector autoregression on level form. The 

error-terms are assumed to follow a white noise process. 

In this structural VAR-representation, the variables can affect each other. To avoid 

simultaneous bias in the estimators of the coefficients, a transformation of the system of 

equations to a reduced form can be done. The software we use throughout this thesis, 

ΨhȄaŜǘǊƛŎǎΩΣ ŎƻƴŘǳŎǘǎ ǊŜŘǳŎŜŘ ŦƻǊƳ ǎȅǎǘŜƳǎ ŀǳǘƻƳŀǘƛŎŀƭƭȅ ǿƘŜƴ ŜǎǘƛƳŀǘƛƴƎ ǊŜǎǘǊƛŎǘŜŘ ±!w-

models. However, we believe it is important to clarify what is ƳŜŀƴǘ ōȅ ΨǊŜŘǳŎŜŘ ŦƻǊƳΩΦ 

First, we obtain the compact form: 

                                                                 
23 In the context of this thesis, let X1,t equal Bitcoin return and X2,t equal percentage change in Google trends  
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 ὃᾀ ɜ ɜᾀ ‐ (4.23) 

where ὃ  
ρ ὥ
ὥ ρ

, ὼ
ὢȟ
ὢȟ

, ɜ
ὥ
ὥ , ɜ

ὦ ὦ

ὦ ὦ
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Multiplying equation 4.23 with the inverse of the coefficient matrix, A, yields the VAR(1) 

representation on reduced form: 

 ώ ὄ ὄώ Ὡ (4.24) 

where ὄ ὃ ɜ, ὄ ὃ ɜ, Ὡ ὃ ‐. 

The condition of stability in this VAR-representation is solving the characteristic equation: 

 ȿὄ ‗ɢȿ π (4.25) 

Next, defining ὥ  as element i of the vector B0, ὥ  as the element in row i and column j of 

the matrix B1, and Ὡ as the element i of the vector et, we can rewrite equation 4.21: 

 ὢȟ ὥ ὥ ὢȟ ὥ ὢȟ Ὡ  (4.26) 

 ὢȟ ὥ ὥ ὢȟ ὥ ὢȟ Ὡ  (4.27) 

Equation 4.26. and 4.27 are the estimated vectors when using the restricted VAR-estimation 

function in OxMetrics in our two-variable scenario. 

4.3.2 Johansens trace test 

A formal definition of cointegration was proposed by Engle and Granger (1987) and is here 

adapted to the two-variable scenario which we shall encounter in this thesis. When 

analysing two variables that are integrated of the same order, for instance X1,t and X2,t which 

are both I(1), if there exists a vector ̡ = [̡ 1Σ ʲ2ϐ ǎǳŎƘ ǘƘŀǘ ǘƘŜ ƭƛƴŜŀǊ ŎƻƳōƛƴŀǘƛƻƴ ʲȄt = ̡ 1x1,t + 

2̡x2,t ƛǎ LόлύΣ ǘƘŜ ǘǿƻ ǾŀǊƛŀōƭŜǎ ŀǊŜ ŎƻƛƴǘŜƎǊŀǘŜŘΣ ŘŜƴƻǘŜŘ ŀǎ /LόмΣмύΦ ʲ ƛǎ ŎŀƭƭŜŘ ǘƘŜ 

cointegrating vector (Enders, 2015) (Engle and Granger, 1987). To uncover cointegration, we 

employ Johansens trace test. 

The Johansen cointegration test of Johansen (1988) is based on estimating a reduced VAR 

process using maximum likelihood procedure. The normal procedure is to reparametrize 

equation 4.24 using the same method showed in section 4.1.1. Recalling that VAR(1) 

representation on reduced form can be represented by the following equation: 

 ώ ὄ ὄώ Ὡ (4.28) 

Reparametrizing yields: 
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 Ўώ ὄ ὄ ρώ Ὡ (4.29) 

 Ўώ ὄ •ώ Ὡ (4.30) 

The stability condition for equation X is ȿʒ  ʇɢȿ π, meaning that all eigenvalues in this 

characteristic equation are strictly less than unity. To employ the Johansen cointegration, 

estimating the eigenvalues of the matrix  is necessary. The rank, r, of the matrix is then 

examined. Depending on which test statistic one uses24, the null hypothesis and alternative 

hypothesis differ. In this thesis, we use the trace statistic of Johansen (1988) which is given 

by the following equation: 

 ‗ ὶ Ὕ ÌÎρ ‗ ȟὶ πȟρȟςȟȣȟὲ ρ (4.31) 

The null hypothesis assumes that ὶ• ὲ where ὲ is the number of entries of underlying 

time series vector. The null is tested against the alternative hypothesis that there exists n 

cointegrating relations, or more precisely; • ‌‍ᴂ where alpha and beta are matrixes of 

dimensions n x r. The elements of the beta-matrix refer to the cointegration vector, of which 

there only may exist one in the case of two cointegrated variables. The elements of the 

alpha-ƳŀǘǊƛȄ ǊŜŦŜǊ ǘƻ ǘƘŜ ΨǎǇŜŜŘ ƻŦ ŀŘƧǳǎǘƳŜƴǘ ǇŀǊŀƳŜǘŜǊǎΩΦ  

The test is carried out by systematically trace-testing the null of at most r cointegrated 

relations against the alternative that there is more than r cointegrated relations. Starting 

with testing ὶ ρ against the alternative that ὶ ρ, if the null is rejected, we continue with 

testing ὶ ς against the alternative of ὶ ς. When the null is not rejected evaluated 

against the trace statistic, we have successfully determined the rank of the matrix .  

When testing the cointegration relationship between Bitcoin and Google trends, there can 

only exist one cointegrated vector. OxMetrics automatically normalize the vector with 

respect to the first variable by following the method of Doornik and Hendry (2013b), and so 

the matrix • can be written: 

 • ‌‍
‌
‌ ρ ‍  (4.32) 

   

                                                                 
24 Johansen (1988) suggested two different test statistics: ‗  and ‗  
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4.3.3 VECM and Granger Causality 

In the case where the two variables are CI(1,1), there always exists an error correction 

mechanism25 (ECM). Following the formulation of Enders (2015), the ECM vectors which 

constitutes the vector error correction mechanism (VECM)26 can be given by 4.33 and 4.34: 

 Ўὢȟ ‌ ‌ ȟὢȟ ‍ὢȟ ὥ ὭЎὢȟ ὥ ὭЎὢȟ ‐ ȟ (4.33) 

 Ўὢȟ ‌ ‌ ȟὢȟ ‍ὢȟ ὥ ὭЎὢȟ ὥ ὭЎὢȟ ‐ ȟ (4.34) 

Where the residuals terms are white noise processes that may be correlated, and where 

ὢȟ ‍ὢȟ is the cointegrating vector. The parameters hX1,t and h X2,t are known as the 

ΨǎǇŜŜŘ ƻŦ ŀŘƧǳǎǘƳŜƴǘ ǇŀǊŀƳŜǘŜǊǎΩΦ Note that the cointegrating vectors in equation 4.33 and 

4.34 (with respective scalars) are equivalent to the notation ‌ὅὍ of equation 3.6 in 

chapter 3.4. Should ‌ ȟ in equation 4.34 be equal to zero, Ўὢȟ ƛǎ ǎŀƛŘ ǘƻ ōŜ ΨǿŜŜƪƭȅ 

ŜȄƻƎŜƴƻǳǎΩ with respect to ‍ in the cointegrating vector. When one variable is weekly 

exogenous, i.e. if a variable does not respond to deviation from the long-run equilibrium 

relationship, estimating the ECM does not require a VAR-representation, but can be 

expressed by an ADL model27 (Enders, 2015). 

The reduced form vectors 4.33 and 4.34 can be used to determine Granger Causality. In the 

presence of cointegration in the two-variable simultaneous equation example, the variable 

X2,t is said to not ΨDǊŀƴƎŜǊ ŎŀǳǎŜΩ ǘƘŜ ǾŀǊƛŀōƭŜ ·1,t if all the estimated parameters В ὥ Ὥ 

are equal to zero. That is, previous observed values of X2 does not contributes to explaining 

current values of X1. Or rather: if {X1,t} does not improve the forecasting performance of 

{X2,t}, then {X1,t} does not Granger cause {X2,t}. (Enders, 2015).  

The residuals of the two variables that shall constitute the VECM, Bitcoin return and 

percentage change in Google trends, exhibits GARCH errors. Following the simulation 

analysis of Alain Hecq (1996), when two variables are affected by GARCH errors in the 

residual terms, involving the information criteria when determining Granger none-causality 

does not cause spurious results28, and are therefore applied in chapter 8. 

                                                                 
25 Lƴ ǘƘŜ ƭƛǘŜǊŀǘǳǊŜΣ 9/a ƛǎ ǘǊŀƴǎƭŀǘŜŘ ǘƻ ŜƛǘƘŜǊ ά9ǊǊƻǊ ŎƻǊǊŜŎǘƛƻƴ ƳƻŘŜƭέ ƻǊ ά9ǊǊƻǊ ŎƻǊǊŜŎǘƛƻƴ ƳŜŎƘŀƴƛǎƳέ 
26 Note that the VECM is a system of equation on reduced form (standard form) 
27 !ƭǎƻ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ΨǳƴƛǾŀǊƛŀǘŜ 9/aΩ 
28 This holds even under the worst circumstances where the volatil ity parameter (ARCH) is large relative to the 
moving average parameter (GARCH), and the sample size is relatively large. 
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5. What is Bitcoin? 

5.1 Bitcoin as Money 

As previously mentioned, the initial thought, and possibly still the long-term purpose of 

Bitcoin is to become a global currency with aim to make the third party obsolete in the 

financial world. (Satoshi, 2008) A currency is money of any form, which is in actual use.  

(Merriam-Webster) To be able at greater extent to categorize, or to understand Bitcoins role 

today, the understanding on how it corresponds to the main characteristics of money.  

When people think of Money, they think of something that can be exchanged for goods and 

services. For something to be considered money, it must serve some key functions. It must 

be trustworthy store of value, it needs to facilitate transactions in ways as a medium of 

exchange, and to be a unit of account. (Yermack, 2015) By looking at the Dollar, the largest 

reserve currency in the world today29, we see that all these criteria are well met. The FED 

who issues the dollar also guarantee that it has value, and that it can be used as a medium of 

exchange in transactions. Its position as a global reserve currency shows its stronghold in the 

world of currencies, as it is also used as a unit of account across the globe. But money is also 

wider than just USD and Fiat Currencies, just because it resembles a global currency, it might 

not be the best comparison for Bitcoin today. Bitcoin might not even fit into the framework 

of traditional money, it might be better compared to speculative financial assets. In the 

following sections the most common forms of money, and the traditional framework, will be 

laid out and discussed. 

5.2.2 Commodity money 

Commodity money is considered one of the oldest forms of conducting transactions and 

storing value we know of. From barter economies where corn and hide where considered 

currency, to more modern times when gold and silver were the going currency. These goods 

used as currency usually required work to get a hold of, so it can be said that they had an 

opportunity cost of obtaining said currency. As bartering with different produce became 

different, both in terms of setting a value and it being impractical, coins of gold, silver and 

other metals became the going currency. Leading up to the Gold standard, where a currency 

                                                                 
29 A reserve currency is currency held by governments as a mean of international payments. The dollar is 
considered a safe haven, and in so way a safe currency to hold to facil itate payments. (Tappe, 2018) 
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would be backed up by gold reserves, but no gold was actually switching hands. (Dyhrberg, 

2016). On 6th of March 2018, a federal judge in the US ruled that Bitcoin can be regulated as 

a commodity, and not as a currency. (CNBC, 2018) 

 

5.2.3 Fiat Currency 

The concept of FIAT money is said to have been around for centuries, with the most famous 

ǎǘƻǊȅ ōŜƛƴƎ ά¢ƘŜ {ǘƻƴŜǎ ƻŦ ¸9tέΣ ōǳǘ ǘƘŜǊŜ ƛǎ ƴƻ ŎƭŜŀǊ ŜǾƛŘŜƴŎŜ ŜƛǘƘŜǊ ǿŀȅ ƻŦ ǘƘŀǘ ŀƴŎƛŜƴǘ 

FIAT money had intrinsic value or not. (Goldberg, 2005) However, in 1971 the international 

Gold standard was abolished for good, and since then money has only been pieces of metal 

and paper used for facilitating transactions between parties and are not redeemable for 

anything but such. (Hoppe, 1994) Bitcoin can also in so manner be thought of as a FIAT 

currency, as it does not hold any intrinsic value besides the value people believe it has. 

Investors in Bitcoin trust the technology and put their belief into this being something for 

the future, this is where its true value lies. As with a FIAT currency, if no one believes it can 

be used for holding value or transactions, it is virtually worthless. And it is with FIAT money 

that the all so important concept of trust makes itself most relevant, the holder of FIAT 

money trusts that it can be exchanged and accepted by a counterpart. A FIAT currency is 

usually backed by a government ensuring that trust to hold. As has been put forward, Bitcoin 

does not have similar backing as a FIAT currency do. This is what is replaced by mathematics 

and market dynamics, the only trust needed to make the market function is the trust in 

technology instead of government. But Bitcoin fails to conduct the everyday tasks we expect 

from a currency in a satisfactory way. The high transaction fee and time 30for conducting a 

transaction makes Bitcoin not suitable as a day to day medium of exchange. As a store of 

value, Bitcoin has shown itself to be extremely volatile. These significant fluctuations make 

Bitcoin unsuitable as a store of value, as it lacks consistency. Bitcoin are traded on numerous 

exchanges around the world, often at different prices. This gives rise to arbitrage 

opportunities, as well as confusion around its value. This shows its uselessness as a Unit of 

Account, as we must choose which to believe in the moment. (Yermack, 2015) 

                                                                 
30 As of 07.08.18 each transaction takes on average 28 minutes, and cost $0.10. 
(https://www.blockchain.com/charts/avg-confirmation-time?timespan=30days, https://bitcoinfees.info/ ) 

https://www.blockchain.com/charts/avg-confirmation-time?timespan=30days
https://bitcoinfees.info/
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5.2.4 Electronic Money 

Electronic Money is defined by The European Central Bank ŀǎ ά!ƴ ŜƭŜŎǘǊƻƴƛŎ ǎǘƻǊŜ ƻŦ 

monetary value on a technical device that may be widely used for making payments to 

entities other than the e-ƳƻƴŜȅ ƛǎǎǳŜǊέΦ 9ƭŜŎǘǊƻƴƛŎ aƻƴŜȅ ŎƻǳƭŘ Ŝŀǎƛƭȅ ōŜ ǎŜŜƴ ŀǎ ŀ 

predecessor of Bitcoin, but the main similarity here is that the monetary value is stored on a 

technological devise. Traditional E-money needs to have an issuer, and so it has someone 

responsible for the issuance, and for the functionality. In Bitcoin, no one is in charge and 

reliable. E-Money is usually just digitally represented FIAT currency, such as the Euro E-

money issued by ECB. (European Central Bank) 

5.3 Bitcoin as a currency today 

5.3.1 As a medium of exchange 

For Bitcoin it seems harder to meet the three key functions of money. First, for Bitcoin to 

become a global and widely used currency it must as a minimum have the functionality and 

stability of the currencies we use today. This is something we do not observe in satisfactory 

manner at the time of writing. The scarcity of retailers and others accepting Bitcoin is a big 

obstacle for it to cement itself as a currency for the masses. When examining the volatility 

process of Bitcoin in chapter 7, we see that this will impose substantial risk on both retailers 

and consumers accepting- and using Bitcoin as payment, as it does not hold a stable value 

very well. It is also pointed out by Yermack (2015) that the time taken for a transaction to go 

through the system is something of a challenge for a retailer, as it can choose to trust that 

the customer has correctly transferred the Bitcoins and let the transaction of goods go 

through, but is then again left with risk on the downside that no such transfer has occurred.  

Processing and confirming payments are something of a growing pain for Bitcoin, which 

must be fixed for it to properly function as a medium of exchange. Bitcoin can simply not 

compare itself to its competitors when it comes to processing payments for its users. VISA 

can at most process roughly 56,000 transactions a second, the Bitcoin protocol however, are 

processing 3,3-7 transactions a second at most. (Croman et. Al, 2016) For Bitcoin to have use 

as a traditional currency, this does not hold. the cost of a single transaction in the Bitcoin 

network is on average between $1,4 and $2,9. Both the fact that it is so volatile, and the 
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scalability of the transaction chain will have to be improved for it to function proper as a 

medium of exchange. 

5.3.2 As a Unit of account 

The problems of Bitcoin being so volatile, translates in even greater account into its 

usefulness as a unit of account. For something to be of use as a unit of account it is 

important that it is easy comparable to goods and services denoted in different terms or 

currency (Yermack, 2015) and for something to be compared with another, it is important 

that you can trust the value of what you are comparing, which is something of a challenge 

when it comes to Bitcoin. Both the volatility issue, and the fact that we have numerous 

prices of Bitcoin on numerous exchanges around the world makes it tough to accurately 

make comparisons. In fact, the price of Bitcoin can fluctuate several hundred dollars across 

exchanges. (WorldcoinIndex.com, 2018) Implying that The law of one price does not hold for 

Bitcoin, so there are vast arbitrage opportunities.  

5.3.3 As a store of value 

For something to be a good store of value, it must have the ability to be acquired at a given 

time and saved for later consumption without the prospect of significant loss. It is of the 

greatest importance that the owner of the asset does not lose consumption power over the 

ǘƛƳŜ ƘŜ ƘƻƭŘǎ ƛǘΦ ²ƛǘƘ ǘƘŜ ƳŜƴǘƛƻƴ ƻŦ .ƛǘŎƻƛƴ ōŜƛƴƎ ǘƘŜ άLƴǘŜǊƴŜǘ ŀƎŜ ŜǉǳƛǾŀƭŜƴǘ ǘƻ ƎƻƭŘέ ƛƴ 

mind, it is possible that Bitcoin in the future might become a safe-haven for storing value. 

Today however, Bitcoin faces two main threats to it being a good choice for storing value; it 

is how to securely store it, and the significant volatility experienced. The storage problem is 

not of greater extent, as hackings and theft of Bitcoin is not common. And, the wallets have 

become sophisticated with time. 31 However, as pointed out by Blackrock (2017), Bitcoin 

annualized daily realized volatility was 70% when to comparison US stocks during the 2008-

2009 financial crisis showed about 30% annualized daily realized volatility. So, to say that 

Bitcoin is volatile would be an understatement. Yermack (2015) pointed out that it is almost 

impossible to find a good hedge against Bitcoin, which also shows how hard it would be to 

maintain belief and healthy exposure to the markets while holding value in Bitcoin.  

                                                                 
31 https://www.coindesk.com/information/how-to-store-your-bitcoins/ 
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5.3.4 Does Bitcoin hold as a currency? 

From the above analysis, considering the three key characteristics of money and Bitcoin, 

Bitcoin do not perform well in the monetary framework used today. As pointed out, in both 

the functionality as a medium of exchange, unit of account and as a store of value, the 

volatility of Bitcoin is an issue. This brings up the timely question of Bitcoin today resembling 

more of a speculative asset than a currency, which is supported by the findings of Yermack 

(2015). Financial assets tend to have greater volatility and more of a speculative nature to it 

than most developed currencies. For the sake of analysis, and to get greater knowledge, it is 

however reasonable to include exchange rates in the quantitative analysis into the 

categorization which is done in chapter 7. This is due to the high volatility experienced in 

Bitcoin is key as to why it does not function as a currency, and so comparing volatility 

processes would be useful.  

5.3.5 Bitcoin as a speculative investment? 

As argued, the volatility experienced with bitcoin makes it resemble more a financial asset 

than a traditional currency. Assets which such volatility as Bitcoin is often very suitable for 

risky investing with high possible returns, and almost infinite lower bound. A speculative 

ƛƴǾŜǎǘƳŜƴǘ ƛǎ ŘŜŦƛƴŜŘ ōȅ ǘƘŜ /ŀƳōǊƛŘƎŜ ŘƛŎǘƛƻƴŀǊȅ ŀǎ ά!ƴ ƛƴǾŜǎǘƳŜƴǘ ǘƘŀǘ ŎŀǊǊȅ ŀ ƘƛƎƘ ƭŜǾŜƭ 

ƻŦ Ǌƛǎƪ ƻŦ ƭƻǎǎΣ ƻǊ ǘƘŜ ŀŎǘƛǾƛǘȅ ƻŦ ƛƴǾŜǎǘƛƴƎ ƛƴ ǘƘŜǎŜ ǘȅǇŜǎ ƻŦ ƛƴǾŜǎǘƳŜƴǘǎέ ό/ŀƳōǊƛŘƎŜ 

dictionary) Which arguably fits as a glove on what investing in Bitcoin has been like, as it has 

shown great volatility over time with both great return and loss. As found by Baur. et Al 

(2017), most investors do only hold Bitcoin. This indicates speculation in the volatility, as 

holders of an asset believe that they will get a return by holding, they believe they will 

experience positive volatility (Baur et. Al, 2017). This is of course no different than 

speculation in stocks, but in Bitcoin it is only the volatility which will grant you a return, or 

loss, on your investment. The pure supply and demand driver of return comes as Bitcoin 

have no intrinsic value, nor promises any future payments apart from resell value. This 

makes it difficult to theoretically compare it with any other class of financial asset, such as 

stocks. A quantitative analysis, which will be done in chapter 7, finds that bitcoin do not 

resemble traditional financial assets used for speculation today.  

The lack of intrinsic value in Bitcoin is important when it comes to how attention and hype 

play a part in the price formation of Bitcoin. The fact that Bitcoin is a supply and demand 
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market in its purest form makes market manipulation highly possible. Gandal et. Al (2018) 

found that during Bitcoins early days in 2013, one agent in the market single handily drove 

the price from $250 to $1,000 (Gandal et. Al, 2018). The Bitcoin and cryptocurrency markets 

have matured since then, but it cannot be excluded that investors in the market today have 

such power.  Griffin and Shams (2018) found support for the claim that Tether32 was used to 

manipulate Bitcoin, paired with their other findings this gave evidence to that price 

ƳŀƴƛǇǳƭŀǘƛƻƴ ƛǎ ōŜƘƛƴŘ άǎǳōǎǘŀƴǘƛŀƭ ŘƛǎǘƻǊǘƛǾŜ ŜŦŦŜŎǘǎ ƛƴ ŎǊȅǇǘƻŎǳǊǊŜƴŎƛŜǎέΦ όDǊƛŦŦƛƴ ϧ {ƘŀƳǎΣ 

2018). 

Price manipulation is something that is done in a speculative manner. Volatility, price 

manipulation and arbitrage opportunities all make Bitcoin perfect for speculative 

investments. Bitcoins failure to satisfactory meet the three key requirements for a currency, 

and its highly speculative market goes to show that it has more in common with speculative 

financial assets than a currency. This will also be checked in chapter 7., where the volatility 

processes of speculative assets33, and non-speculative assets34 will be compared to that of 

Bitcoin.  

The four variables chosen to further extend the analysis of this chapter in a quantitative 

matter are two currency pairs, a stock market index and a risk-free asset. In the next 

chapter, the chosen variables are laid out and compared through a basic statistical analysis. 

 

 

 

 

 

 

                                                                 
32 A cryptocurrency pegged to USD 
33 Stock market index 
34 1 year T-Bill, referred to as the risk-free rate 
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6. Data and descriptive statistics 

6.1 Introducing the variables 

In this chapter, we present the variables we have chosen to compare Bitcoin amongst35, and 

have a first look at similarities and differences between them. The variables introduced in 

this section are Google trends, S&P500 (stock market proxy), 1-year treasury bill36 and lastly 

two currency pairs: dollar to euro and dollar to sterling pound. Besides the Google Trends-

variable, all variables are retrieved from Thomson Reuters data stream. The variables 

contain daily observations starting at 2013.03.04 and ending at 2018.03.02, adding up to a 

total of 1306 observation per variable. To have a meaningful comparison of the data, there is 

not included any weekend observations for Bitcoin, even though Bitcoin trading is not 

limited to weekdays only.  

The google trend data is extracted from google servers per API-request using python 3 to 

sort the data into a csv file37. This data is restricted to containing weekly observations only, 

due to data extraction rules set by Google. Therefore, the total number of observations for 

this variable adds up to 261, during the same time interval as for the daily data. 

Google-trend data are generated in the following way38: you start off by choosing a keyword, 

setting a time-period and choosing either to generate for the whole world, or a specific 

region of choice. The volume of all Google-searches using this keyword is measured 

relatively to the volume to that of all other Google-searches at the same point in time, and 

this relationship is then multiplied by a factor which scales the dataset to a value between 0 

and 100. 100 represents the week with the most interest in the keyword, and 0 means there 

is not enough data available to create a meaningful value. Not to be mistaken by actual 

search volumes, Google-trend data measures the relative popularity in Google search query. 

                                                                 
35 See chapter 4 
36 which will be referred to in this thesis as the risk-free rate 
37 The code is added to the appendix 
38 A description of how the data is generated can be found following this l ink: 

https://newsinitiative.withgoogle.com/training/lesson/6507480104304640?image=trends&tool=Google%20Tr
ends 
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6.2 Graphing the variables 

In this section, the variables used throughout this thesis is graphed and discussed. Due to the 

categorization, and analysis of media attention on Bitcoin return, the series of interest are 

the return series. It is useful to create logarithmic time series to represent the variables on 

level form. Using logarithmic time series has advantages such as normalizing price 

development in Bitcoin and makes it possible to compare lever format to the return format 

later in the thesis. Therefore, logarithmic time series as graphed by figure 6.2 and 6.5 will be 

ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ άƭŜǾŜƭ ŦƻǊƳέΦ Lƴ ǘƘƛǎ ǎŜŎǘƛƻƴΣ ǘƘŜ Ǌŀǿ ǎŜǊƛŜǎ ŀǊŜ ǇǊŜǎŜƴǘŜŘ ŀǎ ǘƻ ƎŜǘ ŀƴ 

overview of the variables.  

6.2.1 The daily datasets on level-form 

The time series graphed in Fig. 6.1 shows the development during all daily datasets, for all 

variables on standard level form. Notice that the 1 Y Tr. yield is denominated in percent, 

whilst the other variables are denominated in levels. To be able to graph the daily Trends-

series, each day of the week has been assigned the weekly value, i.e. the average value. Fig. 

6.2 views the daily log-level development during the same time horizon.  

From viewing figure 6.1, Bitcoin (pBTC) shows nothing near the behaviour of the other 

variables we wish to compare it to, except for the Trends-variable. As a currency, Bitcoin 

seems to diverge from the depicted relationship between the US dollar and the two other 

currencies.  

Figure 6.1: Daily raw series 
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Figure 6.1: The graphed series of Bitcoin price in terms of dollar (pBTC), the Google-Trends variable 

(tBTC), dollar to euro exchange rate ($ to Euro), dollar to pound exchange rate ($ to £), the S&P500 

stock market index (S&P) and the one-year risk free rate in the US (1år Try). The daily raw datasets 

contain 1305 observations. 

When viewing figure 6.2, the logged variables offers a visualisation of the time series which 

points to Bitcoin being more like the stock market proxy than we initially expected. The 

logged Google Trends variable is also a candidate which seems to match the time patterns 

reflecting the behaviour of Bitcoin.  

Figure 6.2: Logarithmic daily raw series 

 

 

 

 

 

 

 

 

Figure 6.2: The graphed daily logarithmic series of Bitcoin price in terms of dollar (pBTC), the Google-

Trends variable (tBTC), dollar to euro exchange rate ($ to Euro), dollar to pound exchange rate ($ to £), 

the S&P500 stock market index (S&P) and the one-year risk free rate in the US (1år Try). The daily 

logarithmic raw datasets contain 1305 observations..   

6.2.2 The daily return variables 

To create return series, we apply the method elaborated in chapter 5.1.2. Because the risk-

free rate is already given in percent, this return series for this variable is generated by the 

logarithmic first difference only. The graphed daily return series are found in figure 6.3: 

Figure 6.3 shows the graphed returns generated by daily data for each asset during their 

respective lifespan. Trends-variable is not represented by the daily return series figure, since 

the variable holds only weekly data. If we were to graph this variable, it would contain at 
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least 4 zero-observations per week. Comparing the daily return series to the original daily 

raw series, Figure 6.3 shows that all variables seems to have stabilized around a close to zero 

mean-value, which is no surprise given the fact that these are return-series.  

Figure 6.3: Daily return series 

 

 

 

 

 

 

 

 

Figure 6.3: The graphed daily return series of Bitcoin (DLpBTC%), S&P500 (DLS&P%), the dollar to euro 

exchange rate (DL $ to Euro %), the dollar to pound exchange rate (DL $ to £ %) and the risk-free 

interest rate in the US (DL 1år TRy). Percentage change in the Google Trends variable on a daily format 

is not obtainable due to data extraction rules set by Google. The daily return datasets contain 1304 

observations per variable. 

6.2.3 The weekly variables on level form 

The weekly time-series are gathered by estimating the weekly average using the daily time 

series. The Trends-variable is downloaded in a weekly format in its original state. The weekly 

variables on level form are found in figure 6.4 and 6.5. 
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Figure 6.4: Weekly raw series 

 

 

 

 

 

 

 

Figure 6.4: The graphed weekly series of Bitcoin price in terms of dollar (pBTC), the Google-Trends 

variable (tBTC), dollar to euro exchange rate ($ to Euro), dollar to pound exchange rate ($ to £), the 

S&P500 stock market index (S&P) and the one-year risk free rate in the US (1år Try). The weekly raw 

series contain 261 observations. 

 

Figure 6.5: Weekly logarithmic raw series 

 

 

 

 

 

 

 

Figure 6.5: The graphed daily logarithmic series of Bitcoin price in terms of dollar (pBTC), the Google-

Trends variable (tBTC), dollar to euro exchange rate ($ to Euro), dollar to pound exchange rate ($ to £), 

the S&P500 stock market index (S&P) and the one-year risk free rate in the US (1år Try). The weekly 

logarithmic raw series contain 261 observations. 
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6.2.4 The weekly return variables 

All weekly return variables are generated using the formula in chapter 5.1.2, except for the 

risk-free rate variable39 which is generated by the logarithmic first difference. 

Figure 6.6: Weekly return series 

 

 

 

 

 

 

 

Figure 6.6: The graphed weekly return series of Bitcoin (weeklyDLpBTC), Google Trends 

(weeklyDLtBTC), S&P500 (weeklyDLS&P500), the dollar to euro exchange rate (weeklyDL $ to Euro), the 

dollar to pound exchange rate (weeklyDL $ to £) and the risk-free interest rate in the US (weekly DL 1Y. 

Try). The weekly return series contain 260 observations. 

 

Figure 6.6 displays the weekly return series. These time series do appear to have stabilized at 

some mean-value close to zero. When viewing the Trends-variable, the graph seems 

somewhat unordinary. This is due to the Trends dataset holds multiple zero-values. The 

series we are looking at in Fig. 6.6 are percentage changes in the google search popularity. 

This means that during the periods which are flat the popularity for Bitcoin searches has 

been stable. It is seen in Fig. 6.4 that the values are in fact close to zero, not equal to zero.   

The observed tendency to volatility clustering in figure 6.3 and 6.6 is a known phenomenon 

in financial time-series. It occurs when one period in the dataset represents a shock in the 

series, the following period will also be affected by this. In chapter 7 this will be analysed 

more closely, as there is likely to be an underlying persistency of shocks in the dataset.  

                                                                 
39 weekly DL 1 Y TRy 
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6.2 Stationarity  

In this section, the variables on log-level form and on return form are tested using the ADF-

test explained in chapter 6.1.1, to determine whether the variables contain a unit root. Using 

the information criteria40 to decide the lag length (p) of the first differences, the following 

general equation for all variables are estimated: 

 Ўώ ‍ ”ώ •Ўώ ‐ (6.1) 

The null hypothesis is that the variable is I(0), while the alternative hypothesis is that the 

variable is I(1). The lag-lengths, t-!5CΣ ŀƴŘ ˊ-values are reported in table 6.1.  

Table 6.1: ADF-tests 

 

 

 

 

 

 

 

 

Table 6.1: The table views the results of ADF-tests for each variable, on both daily and weekly format, 

where level form refers to the logged variables, and the return form refers to the logged first 

ŘƛŦŦŜǊŜƴŎŜŘ ǾŀǊƛŀōƭŜǎΦ ΨǇΩ ǘŜƭƭǎ Ƙƻǿ Ƴŀƴȅ ŘƛŦŦŜǊŜƴŎŜŘ ƭŀƎǎ ŀǊŜ ǳǎŜŘΣ ŘŜǘŜǊƳƛƴŜŘ ōȅ ǘƘŜ ƛƴŦƻǊƳŀǘƛƻƴ 

criteǊƛŀΦ ΨˊΩ ƛǎ ǘƘŜ ŎƻŜŦŦƛŎƛŜƴǘ ǾŀƭǳŜ ǿƘƛŎƘ ƛǎ ǎǳōƧŜŎǘ ǘƻ ǘƘŜ !5C-ǘŜǎǘΦ Ψǘ-ŀŘŦΩ ƛǎ ǘƘŜ ǘŜǎǘ ǎǘŀǘƛǎǘƛŎ ǾŀƭǳŜ 

when conduction the t-test. *** denotes significance at a 1% level, ** denotes significance at a 5% 

level. The critical values used are listed in the bottom of each square bracket, as gathered by Dickey 

and Fuller (1979). 

                                                                 
40 Recall that thought the residuals of the variables might exhibit GARCH-errors, using the information criteria is 
sti l l the best option to determine lag-length in this scenario. For more information, see chapter 5. 
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The results from the ADF-tests shows that the variables on level form contain a unit root 

which means they are I(1). The return variables do not contain a unit root, and are classified 

as I(0). Neither variable on level form is stationary and must therefore be differenced once 

to become stationary. Hence, estimating all the return series by OLS will yield unbiased 

estimators. Moving forward with the descriptive statistics will therefore only examine the 

return series for each variable on a daily- and weekly format. 

6.3 Descriptive statistics 

In this section, basic descriptive statistics of each return variable is reviewed41. Table 6.2 

contains the descriptive statistics for all our return variables on daily and weekly basis. The 

mean return on Bitcoin is more than ten times the return on the stock-index both for the 

daily and the weekly dataset, and nowhere near the return on the two exchange rates, 

which trades on average close to zero. Obviously, risk-free treasury bills hold the lowest 

return amongst the other assets in its category. In both our daily and weekly observed data, 

Bitcoin return holds the highest standard deviation, followed by S&P500 return, the return 

of the exchange rates and lastly the risk-free rate. 

Table 6.2: Descriptive statistics 

 

 

 

 

 

 

 

Table 6.2: The table contains basic descriptive statistics which are gathered from OxMetrics using 

ά5ŜǎŎǊƛǇǘƛǾŜ {ǘŀǘƛǎǘƛŎǎ ǳǎƛƴƎ t/ƎƛǾŜέΦ 

                                                                 
41 Descriptive statistics for the logged variables are gathered in the appendix. 
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The estimated skewness suggests that most variables are moderately skewed, and the 

excess kurtosis suggest that Bitcoin return and the dollar-pound exchange rate return holds 

the highest probability of assuming daily extreme values relative to their respective means. 

In the weekly datasets, the excess kurtosis has declined relatively to the daily datasets, 

suggesting that the weekly observations are closer to a normal distribution.  

6.3 The correlation matrix 

In the following section the correlation matrix, and the implications of the significant 

coefficients relevant to the thesis are discussed. The correlation matrix is generated by 

dividing the covariance between two variables on the product of their respective standard 

deviations, whilst restricting the estimation to be contemporaneous42. The results are 

displayed in table 6.3. 

The results indicate that daily Bitcoin returns are uncorrelated with all explanatory variables, 

i.e. all the coefficients are close to zero, which makes these results insignificant. The close-

to-zero value of the coefficient belonging to S&P500 return provides a risk-management 

opportunity for an investor who seeks to mitigate risk. Even though this coefficient is not 

significant, it is indeed an interesting relationship that in theory could contribute to a better 

diversification when one decides to invest among different financial assets. The other 

variables seem to have significant relationships compared to one another, indicating that 

Bitcoin could be an asset outside of the traditional financial framework.  

The correlation matrix representing the weekly dataset depicts that the correlation 

coefficient between S&P 500 return and Bitcoin return is highly significant. The coefficient 

assumes a value closer to zero than unity, indicating that grouping these assets in a portfolio 

could be a useful hedge.  

The correlation coefficient of the Trends-variable indicates a significant correlation viewed 

under the 5% significance level, which corresponds to the hypothesis that that Trends should 

have explanatory power on Bitcoin return.  

                                                                 
42 To calculate the p-values related to the different estimated coefficients, we use Stata 
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Table 6.3: The correlation matrix 

 

 

 

 

 

 

Table 6.3: The correlation matrix shows that all variables are uncorrelated with Bitcoin on a daily basis. 

On the weekly format, Bitcoin is correlated with percentage change in Google Trends, and the stock 

market index. *** denotes significance at a 1% level, ** denotes significance at a 5% level.  

6.4 Summary 

By the first look at our data, we have seen that Bitcoin price- and daily return history looks 

entirely different from that of (what we assume to be) its comparable peers, being the stock 

market proxy, the two exchange rates and the risk-free rate. Creating the return series, we 

have seen that both the daily and the weekly logged variables are stationary all together 

when being differenced once. In other words, the return series of each variable is stationary, 

and can be estimated by using OLS. This result shall be referred to several times throughout 

this thesis. 

Creating the correlation matrix, we made the discovery that there is a relatively strong 

relationship between Bitcoin return and the S&P500 return (on a weekly basis). While the 

correlation matrix is a very basic statistical analysis, the result could imply that the return of 

S&P500 can contribute to explaining the variation in Bitcoin return.  

Lastly, the properties of our data points towards Bitcoin behaving more like a speculative 

asset rather than a currency, due to its high mean return. However, one can argue that the 

categorization of Bitcoin (in terms of known financial assets) purely on basis of this argument 

is imprecise. To further extend the categorisation of Bitcoin, and to compare the financial 

assets in a greater detail, we shall investigate the volatility patterns across the different 

assets, using univariate GARCH modelling. This leads us to the next chapter. 
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7. An analysis of volatility across the variables 

To some extent, this chapter will follow the methodology of Baur et al. (2017) as discussed in 

chapter 2. This chapter can be viewed as an elaborated descriptive statistic analysis, in which 

the volatility processes of the variables introduced in chapter 6 are compared. The aim of 

this chapter is to attempt a categorization of Bitcoin. This chapter proceeds as follows; first 

the mean equation43 is specified using methods put forward in chapter 5. When the mean 

equations are adequately expressed by an ARMA(p,q) model, each residual term are tested 

for GARCH-effects and autocorrelations using the ARCH-LM test and the Ljung-Box test. Last, 

the best GARCH-model in terms of the volatility process of each variable is fitted, and further 

it is checked if the GARCH-effects are accounted for using the ARCH-LM test.   

Because all variables on level form are I(0) when differenced once, we shall use the return 

series presented in chapter 6, using both daily and weekly data44.  

7.1 Specifying the mean equations 

Because there are 5 days of recorded trading each week for all variables, we set the 

maximum ARMA(p,q) lag length to p = 5 and q = 5, i.e. Monday through Monday. For the 

weekly datasets, we set the lag-threshold to be 4, accounting for approximately one month 

of data. Combining the general-to-specific method with regarding the information criteria, 

we determine the adequate lag-lengths for each model. The reader should be advised that a 

more correct method to use when fitting an ARMA-equation is to apply the Hannan-

Rissanen procedure of Hannan & Rissanen (1982). We follow the procedure partly by first 

choosing the proper lag-length of the auto regressive part, before adapting the moving 

average lag-length to this result. If an additional MA-variable changes the estimates of either 

one of the AR-parameters that are already declared statistically significant in the model, the 

MA-variable is not included in the mean equation.  

Using the information criteria to decide respective error-distributions, all daily variables 

follow a normal distribution, except the $/Euro return series, which follows a t-distribution. 

In the case of our weekly data, the information criteria choose a t-distribution for all 

                                                                 
43 The mean equation is ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ǘƘŜ ΨƎŜƴŜǊŀƭ ŜǉǳŀǘƛƻƴΩ ǘƘǊƻǳƎƘƻǳǘ ŎƘŀǇǘŜǊ пΦ 
44 Recalling that we do not have daily data for Google Trends, examining the volatil ity process of the Trends-
variable is only done using weekly data.  
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variables except for the Trends-variable which is normally distributed. These results are 

applied when determining the proper lag-lengths of the different mean equations. The 

selected lag-length included in the mean equation for each respective variable are presented 

in Table 7.1. 

Table 7.1: Lag-length selection for each mean equation 

 

 

 

 

Table 6.1: The selected lag-lengths for the mean equation of each variable. The method used is first 

determining the number of relevant auto regressive lags using the general to specific method 

combined with looking at the information criteria. Then, we have fitted the correct amount of moving 

average variables without distorting the statistical significance of the auto regressive parameters.  

 

7.1.1 Diagnostic testing 

Table 7.2 displays the results gathered regarding diagnostic testing of the mean equations as 

specified by table 7.1. An elaboration of both tests can be found in chapter 5. 

Table 7.2: Post estimation diagnostic testing 

 

Table 7.2: In this table, the post estimation diagnostic testing results are presented. *** denotes 

significance at a 1% level, ** denotes significance at a 5% level and * denotes significance at a 10% 

level.  
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7.1.1.1 Daily return diagnostic tests 

For most variables on a daily format, the autocorrelation in the early stages of the ACF45 are 

accounted for by the specified ARMA equations, though these results might be skewed due 

to the containment of endogenous variables in the estimated mean equations. However, 

there still exists heteroscedasticity tendencies captured by the residuals of the means; 

creating disturbances in the model. All daily series show confirmed GARCH-errors given by 

the ARCH LM test, i.e. we reject the null hypothesis of no (G)ARCH-effects present in the 

datasets for all variables. 

7.1.1.2 Weekly return diagnostic tests 

For our weekly set of variables, it is worth noticing that the risk-free rate return shows 

strong evidence of autocorrelation. Adding more lags of the AR-term does not remove the 

autocorrelation, which means that the variable is very likely to be fitted well by a GARCH-

model. We reject the null of no GARCH-effects present in the datasets for all variables, 

except for USD/EUR exchange rate return. For this variable, we expect to find non-significant 

coefficients measuring the conditional variance in the next part of this chapter. 

7.2 Applying GARCH modelling 

7.2.1 The models 

The results from the last section validate the usage of GARCH-models for all variables except 

the weekly USD/EUR exchange rate return. By using the information criteria to determine 

the adequate GARCH-model for each variable, we found the models selected to be GARCH, 

IGARCH and GJR. The results are listed in table 7.3.  

The variance of the weekly return data of Bitcoin proved to be fitted well by both the 

IGARCH model46 and the GJR model47. Both models are listed in table 7.3 for the purpose of 

comparing volatility pattern of Bitcoin return to that of the percentage change in Google 

Trends. As expected, none of the coefficients involved in the conditional variance equation 

of the weekly USD/GBP exchange rate return are statistically significant. 

 

                                                                 
45 for the squared residuals 
46 selected by HQ and SC 
47 selected by AIC 
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Table 7.3: The estimated GARCH models 

 

Table 7.3: *** denotes significance at a 1% level, ** denotes significance at a 5% level and * denotes 

significance at a 10% level. Standard deviations are listed in parenthesis. In the case where the 

intercept terms are insignificant and measured very small, the coefficient values with respective 

standard deviations are not listed. For more information regarding the different type of models, see 

chapter 4. 

The post estimation diagnostic test results can be found in the appendix. In summary, all 

GARCH-errors are accounted for by modelling the conditional variance using the different 

type of GARCH models listed in table 7.3. The only variable that exhibits significant 

autocorrelation is the daily risk-free rate return variable.  

7.3 The results 

7.3.1 Daily return datasets 

The constant of the Bitcoin return variance equation takes the largest value compared to 

that of the other variables, thus confirming the relatively high volatility of Bitcoin. When 

comparing the constant of each variable, we see that the volatility of S&P500 return is the 

coefficient that finds itself closest to that of Bitcoin return. The constant of the two 

exchange rate returns is further away in comparison. The ARCH-coefficient of Bitcoin 
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return48 is larger relatively to the other ARCH-coefficients, which suggests that the volatility 

of Bitcoin return cohere more to its own past observations than the volatility of the 

compared variables. The GARCH-coefficient49 shows that Bitcoin return holds a persistency 

of shocks in the conditional variance somewhere in between S&P500 return and risk-free 

rate return.  

The gamma coefficient belonging to S&P500 return is highly significant, suggesting the 

existence of a leverage effect in the time series. The IGARCH-model used to model Bitcoin 

return does not account for a leverage effect. When exploring different specifications of the 

GJR-model for Bitcoin return, we found that none of the gamma coefficients proved to be 

significant. Therefore, we cannot compare the two variables on this subject, using the daily 

format, though it is worth mentioning that Baur et. Al (2017) in their study found that the 

gamma coefficient for Bitcoin return was positive and highly significant when using a 

GJR(1,1) model with one AR lag on daily return series. The reason for this might be that the 

dataset used by Baur et. Al (2017) do not account for the decline in Bitcoin price throughout 

January 2018. In addition to this, the G@RCH package in OxMetrics we have used is 

predetermined to estimate robust standard deviations, whereas Stata offers a menu of 

different ways to estimate the standard deviations. In their paper, it is offered few details 

explaining the method that was used to achieve the results they base their discussion on.  

When comparing the model selections for the different variables, the IGARCH format 

suggests that Bitcoin and the two exchange rates share the similarity of a persistent 

response to shocks, implying a shared variance pattern across the currencies. This could 

point towards Bitcoin resembling a currency. However, this is the only similarity we could 

find when comparing the volatility processes of the different currencies. The fact that the 

constant in the conditional variance equation for Bitcoin return is very large, does rather 

point towards Bitcoin being an asset which could be described as speculative.  

As discussed in chapter 3, the price determination of Bitcoin is driven by buyers and sellers 

and is thus internally driven. Because the measured conditional variance is large, there is 

reason to believe that speculative investors are attracted to Bitcoin. This reasoning concurs 

                                                                 
48 Alpha 
49 Beta 
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with Baek and Elbeck (2014) who find Bitcoin to be a highly speculative asset due to its 

volatility being internally driven. 

Using the same tool for categorizing Bitcoin, namely the GARCH-type models, Baur et al. 

(2017) found that the volatility process of Bitcoin return was nowhere near that of the 

compared exchange rates50, ŀƴŘ ƛǘ ǿŀǎ ŎƻƴŎƭǳŘŜŘ ǘƘŀǘ .ƛǘŎƻƛƴ ǇǊƻǾŜ ǘƻ ǊŜǎŜƳōƭŜ ŀ άƘƛƎƘƭȅ 

ǎǇŜŎǳƭŀǘƛǾŜ ŀǎǎŜǘέ. As mentioned earlier, this study did solely rely on GJR-models, and could 

therefore not compare the different fitted GARCH-type models across the variables.  

7.3.2 Weekly return datasets 

When examining the volatility process of the weekly return dataset of Bitcoin, we found that 

both the GJR-model and the IGARCH-model are good candidates when modelling the 

conditional variance. The conditional variance of dollar to pound exchange rate return was, 

as expected, poorly modelled by the selected IGARCH-model, and is therefore not involved 

in this discussion. Though the sum of the alpha and beta parameters in the conditional 

variance equation of USD/EUR exchange rate return is almost equal to unity, the information 

criteria all together chose the GARCH-model rather than the IGARCH model. 

The constants of the conditional variance of Bitcoin return are relatively large to the other 

assets but are not proven statistically significant. The constant of the percentage change in 

Google Trends holds the largest value, reflecting that this variable is the most volatile, 

thought the constant is not statistically significant. 

The ARCH-coefficients of Bitcoin return in both models have increased in value when 

compared to the ARCH-coefficient estimated using daily data. Similarly, the GARCH-

coefficient has decreased, meaning that the volatility pattern of Bitcoin return on a weekly 

basis is relatively more influenced by sudden, more slowly decaying shocks, rather than the 

actual persistency of the shocks measured by the GARCH-term51.  

On weekly format, there are few similarities to be pointed out between Bitcoin return and 

the exchange rate returns. Though the model selection for Bitcoin return and USD/GBP 

                                                                 
50 $/Euro and $/£ 
51 Compared to the results for daily return data 
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return is similar, modelling the conditional rate of return on the USD/GBP is not necessary, 

because its variance can be considered constant due to the test results in section 7.1.1.52 

The GJR-models selected for Bitcoin return53, S&P500 return and percentage change in 

Google trends opens up for discussion. The ARCH- and GARCH-coefficients of the percentage 

change in Google Trends lie closer to those of Bitcoin return compared to the ARCH- and 

GARCH-coefficients of the S&P500 return. The gamma-coefficient measuring the leverage 

effects54 suggests that for Bitcoin return and percentage change in Google Trends, positive 

shocks increase the variance by less than negative shocks. The gamma-coefficients also 

assume almost the same values. This effect is asymmetric in terms of the gamma-coefficient 

of S&P500 return, for which positive shocks increase the variance by more than negative 

shocks. This is the opposite to the findings of Baur et al. (2017) in which MSCI World index 

was used as the stock market proxy. Their estimations proved a positive and significant 

gamma-coefficient for Bitcoin return, and a negative and significant gamma-coefficient for 

the MSCI World index return.  

When comparing the conditional variance equations of the three GJR-models, percentage 

change in Google Trends is the one candidate that resembles the variance pattern of Bitcoin 

return the most. The results suggest that the two variables are almost equally respondent to 

ΨƎƻƻŘ ƴŜǿǎΩ ŀƴŘ ΨōŀŘ ƴŜǿǎΩ ŀƴŘ ǘƘŀǘ ƛƴ ƎŜƴŜǊŀƭΣ ǘƘŜ Ǿƻƭŀǘƛƭƛǘȅ ǇŀǘǘŜǊƴ ƻŦ ǘƘŜ ǾŀǊƛŀōƭŜǎ ƭƻƻƪ 

very much alike. 

7.4 Summary and conclusion 

In summary remarks, the purpose of this chapter has been to compare the volatility process 

of Bitcoin return to that of USD/EUR return, dollar to pound return, the S&P500 stock index 

return and the risk-free rate return. We have seen that the daily Bitcoin return shares few 

similarities with the compared variables, other than its variance partly resembling the 

persistency pattern to that of the two exchange rates. In another context, this could open 

                                                                 
52 The constants of both exchange rate returns are statistically insignificant and too small to be viewed relevant 
to this discussion, and therefore not included in the table 
53 by AIC 
54 See chapter 4 
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for research using multi variate GARCH analysis when exploring shared patterns in the 

conditional variance of the exchange rate return variables.  

 On the other hand, the three exchange rates55 differ due to the high volatility of Bitcoin 

return relative to the two other exchange rates. The high volatility of Bitcoin could classify 

Bitcoin as a highly speculative asset, which carries more risk than the stock market proxy.  

By comparing the volatility processes amongst the weekly datasets, we found that the 

largest constants in the conditional variance equations belongs to Bitcoin return and 

percentage change in Google Trends, though they were not statistically significant. The best 

model to employ for Bitcoin return for comparison among variables, was the GJR-model. 

When comparing the three GJR-models56, the conditional variance of Bitcoin return seems to 

share many of the properties found in the conditional variance equation for the percentage 

change Google Trends variable. 

²ƛǘƘ DƻƻƎƭŜ ¢ǊŜƴŘǎ ΨǊŜǘǳǊƴΩ ōŜƛƴƎ ǘƘŜ ŎƭƻǎŜǎǘ ǾŀǊƛŀōƭŜ ǊŜƭŀǘŜŘ ǘƻ .ƛǘŎƻƛƴ ǊŜǘǳǊƴ ƛƴ ǘŜǊƳǎ ƻŦ 

the conditional variances, the results of this chapter suggest that Bitcoin is an asset hardly 

categorized in terms of any known financial asset classes. The results from the GARCH 

modelling of the conditional variances point towards Bitcoin resembling a speculative asset 

rather than a currency or a financial asset with an underlying cash flow on which the asset 

might be valuated. This concurs with the findings of Baur et al. (2017), and Baek & Elbeck 

(2014). 

In chapter 3 we raised the hypothesis that the demand for Bitcoin, and thus eventually the 

Bitcoin return, is driven by media attention. When viewing the results of this chapter in this 

narrative, the percentage change in Google search queries could be an indicator of future 

Bitcoin return, due to its similar responses to shocks in the conditional variance. In the next 

chapter, we shall further explore the possibility of a coherence between the two variables. 

 

                                                                 
55 $/BTC, $/Euro, $/£ 
56 Bitcoin return, percentage change in Google Trends, S&P500 return 
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8. Investigating investor attractiveness 

Having ŀƴŀƭȅȊŜŘ ŀƴŘ ŎƻƳǇŀǊŜŘ ŜŀŎƘ ǾŀǊƛŀōƭŜΩǎ ǊŜǎǇŜŎǘƛǾŜ ƳƻŘelled conditional variance, we 

found that the volatility pattern of percentage change in Google Trends appeared closest to 

that of Bitcoin return. We concluded that Bitcoin does resemble an asset which is inherently 

speculative, rather than a currency or a normal financial asset. In this chapter, we move on 

from looking at the conditional variance estimations, to examine the general coherency 

between the two variables. Should our categorization of Bitcoin be correct, it is highly likely 

that percentage change in media coverage (Google Trends) might contribute to explaining 

some of the variation in Bitcoin return.  

Turning now to the theoretical model on investor attractiveness derived in chapter 3, the 

goal with this chapter is to determine whether media attention is a factor; driving Bitcoin 

return, and to what extent. In chapter 3, we discussed the possibility of Bitcoin and Google 

Trends being jointly determined. By estimating the two variables using a restricted VAR 

model, we circumvent the simultaneous problems caused by their contemporaneous 

relationship. As we shall see in this chapter, the two variables are indeed cointegrated. 

Therefore, we shall investigate the relationship between Bitcoin return and percentage 

change in Google Trends using the VECM. By introducing a dummy variable in section 8.1, 

we attempt to distinguish positively and negatively narrated news. The results are presented 

in section 8.3 and discussed in section 8.4. 

8.1 Dummy variable 

Before we initiate the cointegration test of this chapter, we introduce a dummy variable 

which can help us to distinguish between the effects on Bitcoin return by media attention of 

a positive and a negative substance. With basis in the idea of Kristoufek, L. (2013) on how 

the dummy variable might be formed, we employ the algebra editor in OxMetrics:   

dummy = movingavg(DLtBTC, 3, 0) < DLpBTC ? 1 : 0; 

ǿƘƛŎƘ Ŏŀƴ ōŜ ǊŜŀŘ ŀǎ άLŦ ǘƘŜ п-week moving average of percentage change in Google Trends 

search queries is less than the Bitcoin return, the dummy variable takes the value 1, and 0 

ƻǘƘŜǊǿƛǎŜέΦ ¢ƘǳǎΣ ƛŦ .ƛǘŎƻƛƴ ǊŜǘǳǊƴ ƛǎ ŀōƻǾŜ ƛǘǎ ǘǊŜƴŘ ƭŜǾŜƭ ƳŜŀǎǳǊŜŘ ōȅ ǘƘŜ п-week MA of 

percentage change in Google Trends, the search queries should reflect people seeking 
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information due to increasing prices. Reversely, when Bitcoin return is below its trend level 

this should reflect people seeking information due to reducing Bitcoin prices, in which case 

the dummy variable assumes a zero value. The idea is that because the two variables are 

cointegrated (as we shall see in the next section), the percentage change in Google Trends 

indicates whether Bitcoin return is trending upwards or downwards. The dummy variable 

ǿƛƭƭ ōŜ ǳƴǊŜǎǘǊƛŎǘŜŘ ǿƘŜƴ ŜǎǘƛƳŀǘƛƴƎ ±!w ǎƻ ƛǘ ƛǎƴΩǘ ŀƭǘered by the transformation when 

applying reduced form to the VAR. 

Lastly, we should address that Juselius (2006) argues that when involving a dummy variable 

ƛƴ ǘƘŜ Ŝǉǳŀǘƛƻƴǎ ƻŦ WƻƘŀƴǎŜƴǎΩ ŎƻƛƴǘŜƎǊŀǘƛƻƴ ǘŜǎǘΣ ǘƘŜ ŀǎȅƳǇǘƻǘƛŎ ŘƛǎǘǊƛōǳǘƛƻƴ ƻŦ WƻƘŀƴǎŜƴǎ 

test statistics is likely to be skewed. On the other hand, when time series contain GARCH-

errors, Lee and Tse (1996) and Kosapattarapim et. Al (2018) ǊŜǇƻǊǘǎ ǘƘŀǘ ŀǇǇƭȅƛƴƎ WƻƘŀƴǎŜƴǎΩ 

test is preferred to the alternatives.  

8.2 WƻƘŀƴǎŜƴǎΩ ǘŜǎǘ ŦƻǊ ŎƻƛƴǘŜƎǊation 

In the methodology chapter (5.3.1) we derived the reduced form VAR(1) equations which 

could be represented by the equation: 

 ώ ὄ ὄώ Ὡ (8.1) 

To further extend equation 8.1 in terms of finding the correct VAR(p) model (with new 

notations), we rewrite equation 8.1: 
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where P = Logarithmic Bitcoin price in terms of dollar and T = Logarithmic values of Google 

Trends. Ὀ is an unrestricted dummy variable matrix introduced in section 7.1, ɜ is the 

coefficient matrix and h10 and h 20 are constants. The residuals are assumed to be white 

noise57 and may be correlated. 

                                                                 
57 The residuals are not actual white noise, because of the non-linear disturbances caused by GARCH-errors. 

The serial correlation is removed, however, when including specifying the VAR(p) model as VAR(1). For a 
discussion on the interference of GARCH-errors when testing for cointegration, see chapter 4. 
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Using the information criteria for multivariate model selection58, 8 different lag lengths are 

examined to have included approximately two months of observed history. HAC standard 

errors are used to avoid possible spurious estimations caused by heteroskedasticity or wrong 

lag determination relative to the true model. The results are gathered in table 8.1: 

Table 8.1: The different VAR(p) models 

 

Table 8.1: The different information criteria are listed for each reduced form VAR(p) representation for 

logarithmic values of Bitcoin and Google Trends, with p representing 1-8 lag lengths. SC selects VAR(4), 

AIC selects VAR(8) and HQ selects VAR(6). 

Following Alain Hecq (1996), the SC should be weighted in presence of GARCH errors, when 

the information criteria select different model types. We also observe that the second 

largest absolute value of HQ selects a VAR(4) model. Therefore, four lags of p are used. 

 Moving forward, we reparametrize equation 8.6 by using four lags: 
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where the matrix ɩ  ɜ ɢ in which ɢ is the identity matrix.  

 We further explore the rank of the matrix ɩ , which is expected to be one, due to our 

two-variable scenario. The null hypothesis is that the rank is equal to or less than 1, 

compared to the alternative that the rank is equal to or larger than one. We observe that the 

trace statistics indicates that the rank of the matrix ɩ is one with a 98,9% success rate. 

Bitcoin and Google Trends are indeed cointegrated, denoted as CI(1,1).  

Table 8.2: Johansens trace test statistics 

 

 

                                                                 
58 These are listed in the appendix. 
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Table 8.2: The trace statistics are presented, the null of zero cointegrated vectors is rejected. We 

cannot reject the null of the rank being larger or equal to one, which means that the determined rank 

of the matrix under examination is one. Thus, Bitcoin and Google Trends are CI(1,1). 

Before presenting the cointegrating vector, we raise one concern with the results. When 

attempting to employ the Johansens cointegration test using a VAR(8) model as selected by 

the AIC, the p-value of one cointegrating vector is 0,238, in which case the two variables 

should be modelled using first differences. However, because we follow the suggested 

methodology of Alain Hecq (1996) of weighting the Schwartz criterion, we continue with 

assuming the two variables to be CI(1,1).  

The cointegrating relationship between Bitcoin and Google Trends that is estimated using 

the Johansen method on the form  
‌
‌ ρ ‍ ὖ

Ὕ
 is displayed in table 8.4. The results are 

discussed in section 8.4. 

Table 8.3: The cointegrating vector 

 

 

 

Table 8.3: OxMetrics automatically normalizes the cointegrated vector with respect to logged Bitcoin 

price, see Doornik and Hendry (2013b). The alpha coefficients are referred to as the speed of 

adjustment parameters, that is, the correction toward the long-term equilibrium stated by the beta 

coefficients. See section 8.4 for a discussion of the results. 

Figure 8.1 The cointegrating vector estimated by Johansen method 
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Figure 8.1: The graphed cointegrating vector estimated using the Johansen method. Thought the graph 

views many fluctuations, the long-term relationship between the two variables seem to be stable. 

Next, using the function άaŀǇ /±!w ǘƻ Lόлύ ƳƻŘŜƭέ in OxMetrics, the cointegrating vector is 

stored as the variable CI. Combining the cointegrating vector with the first differences of the 

logarithmic values of Bitcoin and Google Trends, we arrive at the VECM model. It is very 

important to highlight that during this transformation; the return series are not multiplied by 

100. Thus, the dummy coefficient, the constants and the speed of adjustment parameters 

must be multiplied by one hundred to be interpreted as a percentage values. The results are 

presented in table 8.4. 

Table 8.4: The estimated VECM model 

 

Table 8.4: The results from estimating the VECM model are displayed. Variable_i denotes the i lagged 

value of the variable. *** denotes significance at a 1% level, ** denotes significance at a 5% level and * 

denotes significance at a 10% level. HAC standard deviations are listed in parenthesis. 

8.3.1 Narrowing down the VECM model 

Next, we need to decide the optimal value of p and q in equation 8.4 and 8.5: 

 Ўὖ ‌ ‌ὅὍ ὥ Ὥ Ўὖ ὥ ὭЎὝ Ὀ ‐  (8.4) 

 ЎὝ ‌ ‌ὅὍ ὥ Ὥ Ўὖ ὥ ὭЎὝ Ὀ ‐  (8.5) 

Where ὅὍ is the cointegrating vector estimated by Johansens method. Because the two 

equations are stationary due to the cointegrating vector as well as the first differences being 

I(0), normal inference methods can be applied to the model. Therefore, we combine the 

general-to-specific method with the multivariate information criteria when looking at the 

different values of p and q. We keep the threshold value of p and q at 3. 



53 
 

In all models we estimate, percentage change in Google Trends is statistically significant for 

all 3 lags of q. Reducing the lag-length of Bitcoin return starting with p=3, the information 

criteria of the five different models are listed in table 8.5: 

Table 8.5 Information criteria values from estimating five different models 

 

 

 

 

Table 8.5: Using 3 statistical significant lags of percentage change in Google Trends (q), we compare 

the information criteria of five different models with different lag lengths of Bitcoin return (p). 

In addition to the fact that neither one of the models contain significant values of the lagged 

values of Bitcoin return, each and all information criterion select zero lags of Bitcoin return. 

The simulation study of Alain Hecq (1996) in which the series exhibit GARCH-errors to the 

error terms proves that using the information criteria to decide Granger non-causality does 

not cause spurious results. The model-selection of the multivariate information criteria 

indicates that Bitcoin return does not Granger cause percentage change in Google Trends. 

This is confirmed by using a f-test excluding the three lags of Bitcoin return59. Reversely, we 

observe that percentage change in Google Trends does in fact Granger cause Bitcoin return. 

This holds two implications: Simulating values of percentage change in Google Trends on 

basis of shocks to Bitcoin return cannot be done, because there are no lagged values of 

Bitcoin return. An impulse-response analysis of both variables is therefore not possible using 

the model suggested by the information criteria. Secondly, the theoretical model derived in 

chapter 3 on investor attractiveness must be revised. Because there is no feed-back effect 

towards media attention, the fourth period of the model is disregarded. 

8.3.2 The results 

Having decided the lag-lengths of our model, we present the results from estimating 

equation 8.6 and 8.7 in table 8.6. 

                                                                 
59 With p-value equal to 0,012. 
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 Ўὖ ‌ ‌ὅὍ ὥ ὭЎὝ Ὀ ‐  (8.6) 

 ЎὝ ‌ ‌ὅὍ ὥ ὭЎὝ Ὀ ‐  (8.7) 

Table 8.6 The estimated VECM model 

 

Table 8.6: The table views the result from estimating the VECM model proposed by equation 8.10 and 

8.11. Variable_i denotes the i lagged value of the variable.  *** denotes significance at a 1% level, ** 

denotes significance at a 5% level and * denotes significance at a 10% level. HAC standard deviations 

are listed in parenthesis. 

In the estimated model, only the third lagged percentage change in Google Trends is 

statistically significant in the second equation. However, because this variable is restricted in 

the VECM model, we cannot remove any of the insignificant lags. Thought the constants are 

not significant, they are not excluded. 

8.4 Discussing the results 

8.4.1 The speed of adjustment parameters and the cointegrating vector 

First it must be addressed that the values of the speed of adjustment parameters has 

changed after narrowing down the VECM. Considering the information criteria, the model 

displayed in table 8.6 should be closer to the true model. Therefore, we regard this model 

when discussing the results.  
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The short-run dynamics of the cointegrated system are given by the estimated coefficients 

‌  and ‌ 60. The two estimates reflect transitory adjustments when the long-run 

equilibrium is distorted by some error. While compared to the long-term estimation of beta 

in table 8.3 (̡ 2 = - 1,5216), the reaction towards reconstructing the long-term equilibrium is 

relatively small, and not significant in the second equation. The statistical insignificance of 

the ‌ -coefficient does in fact imply that Bitcoin prices does all the error correction towards 

long-term equilibrium. Combining the estimated alphas with the estimated cointegrated I(1) 

system from table 8.361 we isolate the cointegrating relationship: 

 Ўὖ  πȟπρχὖ ρȢυςὝ ὺȟ (8.8) 

 ЎὝ    πȟπρψὖ ρȢυςὝ ὺȟ (8.9) 

Assuming the error terms to be white noise, setting the cointegrating vector to zero and 

solving for Pt yields: 

 ὖ ρȢυςὝ π (8.10) 

 ὖ ρȢυςὝ (8.11) 

Solving for ὖ is only possible using equation 8.8, because ‌  in equation 8.6 is equal to zero, 

implying a long run non-causality. The interpretation of the cointegrating vector is therefore 

that a positive shock to Google Trends gives fuel to a decrease in contemporaneous demand 

for Bitcoin. This demand is hypothetically driven by investors already established in the 

Bitcoin market, reacting to different news coverage. The negative long-term relationship is 

an unexpected resultΦ !ƴŘ ōŜŎŀǳǎŜ ǘƘŜ ΨŎƻƴǘŜƳǇƻǊŀƴŜƻǳǎΩ ŜŦŦŜct is a 5 days average 

through a week, we conclude that the cointegrating relationship does not provide a causal 

explanation to the behavior of established Bitcoin investors.  

8.4.2 The dummy variable 

The dummy variable captures investor attractiveness during the weeks of positive media 

coverage. When this variable assumes the value 1, bitcoin return level is above its trend 

level, meaning that the media is assumed to cover stories such as investors in the market 

realizing high returns.  

                                                                 
60 Equation 8.6 and 8.7, coefficient values in table 8.4 
61 Recall that the cointegrating vector is stored in the variable CIt 
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In equation 8.6, Bitcoin return is positively affected by this particular state of the dummy 

variable, which is an expected result. Because the dummy variable is statistically significant, 

we observe that there is an asymmetric effect of news coverage to the evolving Bitcoin 

return. The isolated effect of positively narrated news on Bitcoin return is suggested at large 

10,89% higher than if news coverage is of a negative substance.  

Contrary to our expectations, percentage change in Google Trends is negatively affected by 

Bitcoin return being above its trend level. When media coverage is assumed positive, the 

results indicate that the volume of potential investors searching out information regarding 

Bitcoin is declining.  

Since the fundament of the dummy variable is built upon the cointegrating relationship, one 

weakness to this analysis is the size of the speed of adjustment parameters. The correction 

towards long-term equilibrium between the two variables is relatively small, and only 

significant in equation 8.6. Hence interpreting the two coefficients measuring the 

asymmetric effect of positive media coverage should be done cautiously. Nevertheless, it is 

worth presenting two graphs which views the impact with and without the dummy variable 

in the VECM model, to interpret the goodness of fit for both equations. The graphs can be 

found in figure 8.2 and 8.3 on the next page. 

When graphing the fitted values from estimating the VECM model (fig. 8.2 and 8.3) it is not 

hard to tell that percentage change in Google Trends is poorly modelled in the VECM 

framework suggested by this thesis. Though the dummy variable is highly significant, during 

the period of 2015-2016, the dummy variable overstates the development in the percentage 

change of Google Trends.  

As for the Bitcoin return equation, the dummy variable seems to provide a better 

understanding in terms of the negative returns of Bitcoin. The downwards fluctuations are 

poorly explained without the dummy variable, hence the graph suggests that there is indeed 

an existing asymmetric effect of media coverage on Bitcoin return. The VECM model 

suggested for Bitcoin return seems to be an appropriate representation of the underlying 

dataset.   
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Figure 8.2: Bitcoin return modelled with and without the dummy variable 

 

 

 

 

 

 

Figure 8.2: The left graph displays the fitted values from estimating the VECM model with the dummy 

variable (the red graph), and on the right side the fitted values from estimating the VECM model 

without the dummy variable are graphed (the blue graph). The black graph represents the reference 

curve for Bitcoin return based on actual data. 

Figure 8.3: Percentage change in Google Trends modelled with and without the dummy 

variable 

 

 

 

 

 

 

Figure 8.3: The left graph displays the fitted values from estimating the VECM model with the dummy 

variable (the red graph), and on the right side the fitted values from estimating the VECM model 

without the dummy variable are graphed (the blue graph). The black graph represents the reference 

curve for percentage change in Google Trends based on actual data. 

 


























