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Abstract

Thisthesis 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 wategorize Bitcoin as?

(i) How does Media attention affect Bitcoin return?

This is done through firstly laying out a theoretical framework for price formatidrere investor

attractiveness is captured through a variable for media attention. Building on thisdwork, 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 volatility process of Bitcoin and financial assets.
Whichconcludes with Bitcoin being classified as a speculative assetwho do not resemble any traditional
financial asset. Following this itis found that media attention does make Bitcoin more attractive for investors

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

Sammendrag

Denne avhandlingens mal er & analysere om medieoppmerksomhet er en drivende faktor i ettersparselen etter
Bitcoin, og pa sa mate avkastning pa Bitcoin. Et nyttig verkieyne analgen er & kategorisere Bitcoinelo

hovedspgrsmalene som da vil bli besvarter:

@) Hva slags finansielt aktivum kan Bitcoin kategoriseres som?

(i) Hvordan pavirker medieoppmerksomhet Bitcoin?

Dette er gjortved & fgrst presentere et teoretisk rammevéor prisdannelse hvor investorers interesse er
forklarti en variabe for medieoppmerksomhet. Vedbygge videre pa 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 til. Dette er videre analysertved hjelp av volatilitetsprosessenetil Bitcoin og
andre finansielle aktivum. Funnene fra denne analysen tyder p& at Bitcoin ikke kan klassifiseres sammen med
tradisjonelle finansielle aktivunog p& s& méate er et spekulativt finansielt aktivum som star pa egenhand.

Videre blir det funnet at medieoppmerksomhet gjgar Bitcoin mer attraktiv for investorer og er en driver av
etterspgrsel. Denne spekulative driveren av etterspgrsel sammenfaller gatlitkategoriseringen av Bitcoin

som et spekulativt aktivum.
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1. Introduction

Amid the turmoil of the 2008 financial crisis, Satoshi Nakamat&S y i 2dzi KA & & . A GC
Peerto-t SSNJ St SOGNRYAO O White papegtdiadngiing listloffellany” | & { F
mathematical cryptography enthusiasts. From a humble beginning with only enthusiasts,

Bitcoin grew steadily, with some bumps here and #heuntil 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 adficourse not go silently in the financial world, and the

lack of intrinsic valugin Bitcoin has been under fire, by people like Jamie Dfyrsimce

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

Bitcoin really idias been churning and churning, and the sole believers and critics are

distanced between Bitcoin being the currency of the fufurer just another bubble This

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

people have made of Bitcoit) the media attention given Bitcoin has been of great

magnitude.

1.1 Bitcoin 101

Bitcoin is a decentralized cryptocurrency. Meaning it has no centralized issuer, nor any third
party backing. This exclusion of the third party is madespble through an open blockchain
and cryptographical mathematics, which makes all transactiand 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 giore the Bitcoins. When talking about the price of

Bitcoin, itis the USIBTC exchange rate which is denominated.

1 e (The economist, 2018)

2 Like a fiatcurrency,igoin 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)

5See (Mullen, 2018)

6 See( Bishop, 2018)

7 A more detailed and teatical explanabn is found in the appendix



1.2 The aims of this Thesis

G52S8a YSRALIF FAdaGSydAaz2y FTFFSOG . AGO2AythENB (G dzNy =
question thatthis thesis aims to answer, with an underlying analysis into the categorization

of Bitcoin. Broken down, the two problems are;

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

(iv)  How does Media attention affect Bitcoin return?
These questions willdbanswered 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 oféator attractiveness. Sectionpfovides the
building bricks for the quantitative analysis into Bitcoin and investor attractiveness, as it
plots out the methodology used for analys&ection Jorovides a deeper understanding of
how the functionality of Bitcoin and how it interacts with the financial world and eayyd
life. Data and descriptive statistics are shown axgblainedin chapter6. Chapter7 provides
a volatility analysis of the vables, ancchapter8 looks at investor attractiveness for Bitcoin
using google search query as a proxy for media attentiorchapter 9 a critical point of view
is offered with suggestions to further researc®hapter 10will start with a summery and

followed by pulling all the threads together in the conclusion.



2. Literature review

The market for Bitcoin isew and undevelopedas Bitcoin has only been around since 2008
with the first transactions and trades conducted in 200®nsidering thee facts, the

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

correctly classify and label Bitcoin has been of academic interest, and so several research
studies into the field has been donBaur et Al (2017), Cian et. Al (201% Yermack (2015)

and Gronwald (2015) e all studied how Bitcoin performs in the market, amolw 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 beaBr, Hong et. Al (2017) alpat 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
somethirg must drive the Bitcoin price dynamid3yhrberg (208) found that financial

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

Al (2014 found no relationship between Bitcoin return and traditional financial market
factors. Kristofouk (2013), Gmevald (2015), Ciaian et al (201d4nd Mai et. Al (2016) all

found that Bitcoin return could in fact be driven by demand side dynamics, sucteatiat

and investor attractiveness.

In this thesis, an updated dataset in terms of thevelopment in Bitcoin prices is used when
assuming the categorization approachBdur et Al (2017) for two reasons. Firstly, because
our dataset extends to includyithe 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. A)(2014
Our contrbution 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. Lak#yresults

of this thesis questions the framework on which the approach of Ciaian et. Al)(0Adilt,

due to the results from categorizing Bitcoin.

8 Sabshi Nakamoto's White paper wasnt around late 2008



3. Theoretical framework

In studies done by Kristoufek (2013), Ciaian et. Al (2014) and Gronwald) ¢0fdund

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 resemblanadinancial 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 frawork 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 tBatoin 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 Ciaianet. Al (20449; KS SO2y2YA 0a 27
F 2 NXY | [hiafiyit éval a model eveloped 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. SupplyDemand interactions
2. Bitcoins attractiveness fanvestors

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 o1 million is reachedlhe money supply of Bitcoin becomes the price of

Bitcoin multiplied with the Bitcoins in circulation.

0 06 (3.1)
Where B is the amount in circulation, and is the price of Bitcoin. The demand for Bitcoin

then is.

0 - (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 onerBitcoi



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.
0 ®
wo
It can be read from this relationship that the price of Bitcoin decreases by higher transaction

0 (3.3)
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 pricatobiB.

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 istments. 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 Bitcospike$. This is also found by Ciaian Et. Al in the

o0dZAf RAY3 2F (GKS FNIYSE2Nl > a A0 Aa aadrdaSR a
GKS ySéa YSRAIF YI& 0S LINBFTSNNBR o0& ySg Ay@dSa
(Ciaian, 2014:7) A coeffent ¢ is modelled in, which catches the attractiveness for investors

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

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

O T A fTo L fo & - 1 (3.4)

How the coefficientd 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 isltied. 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 speculatigture 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|n the original model, also a coefficient Mt is added for financial factors affecting Price, but that is not of
interest to our analysis.



value from the prospect of future valuesa currency. The scaling problems when it comes
to Bitcoin transactions! 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 Bit2oin

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

new Bitcoins will be introduced to the market is knownalh This leaves little unknown

about the supply side dynamics, as itis 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 @G&lkronglyargues 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 tighout 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 [@foemed.

(Ciaian et.al 204) Our thesis is that the key driver of themand side of the Bitcoin price
formation is of more behavioral son, 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 outsidgofernmentalcontrol andis so not part of the
traditional financial markets. This separation from the markets closes thetdoaiot of
macroeconomic factors affecting Bitcoin. However, geopolitical factors are something that

can affect the demand sidgf Bitcoin price dynamics.

11 Seeappendix



3.2Investor 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 thiditrender 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 @ay banking conference on %2f
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 volasiEnstive to media attention on

multiple other occasions. For instance, on theaf September, eight days before Jamie
5AY2Yy OFffSR 2dzi . AGO2Ay G2 o6S | FN}YdzRZ | O2
on ICO fundint?, TechCrunch. (2018Jhis caued the price to drop $4,845 to around

$4,3533, 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 compes 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 attentionot¥ever, 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 volasigtysitivity

mentioned with bad news alsapplies to good news. This is hews which started out as being
strictly positive but soon faded as people realized this opened for possibility to short

Bitcoin.

121COis shortfor 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 buyokens. Usually these tokens have a function of some sort, however this is no requirement.
13 https://coinmarketcap.com/currencies/bitcoin/#chartimeframe 03.09.1704.09.17



https://coinmarketcap.com/currencies/bitcoin/#charts

LY mMdpoc W2KYy al @&yl NR YSeySa TueGereraliThedryd SNY 4!
Employnent, Interest and Moneyo explain how emotions guide our behavior. Keynes see

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

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 iticbe 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 Coinbas#lt almost doubled its user nunains from 2,2 million in

November 17,to 4,3 million in December 1Hwong, C. (2018Yhis was when the Bitcoin

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

3.3 Google Trendsa proxy for media attention

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

Bitcoin. We illustrate the approach used by a hypothetical example. Considevestor

dZAAy3d GKS D223ftS aSIkNOK Sy3aiayS (G2 aSINDODK F2N
motivation behind his curiosity, thevb 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 beaced 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 gathefrom the media landscape, the scaled and relative size of search volume
F2NJ 0KS (Seg2NR W. AlO02AyQ gAafft faz NBTFESOU
blog posts mentioning Bitcoin in one context or the other. Put in other words: weuaelie

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 basedr logical

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

Gh@SNIft>x D223fS ¢NByRa asSSvya G2 06S Y2NB AyFT

14 An exchange for buying and selling Bitcoin



SLIA RSYA 2f 2 3Rvenithbugtd theNaRpBryivaséconcernedth the coherence of

actual outbreaks of diseases to people using google to search for these diseases, they found
GKFG a¢KS &SI NDK @2fdzySa 2F D223ftS ¢NBYRa | N
O2yRAGAZ2YA GAGK f I NEHS YS®17). These @nfimgs deSalsd X0 ¢ [/ S
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, itis

uncovered that:

G¢KS |jdzl yiA legwagrdlated © paiterns NIbdogle 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

a0ASYyOS G Nghiérk ISTP, Izt SKOL@EFKS, Carrasco LR (2016).

3.4 The theoretical model for investors attractiveness

Using Google Trends as a proxy for media attentfpyre 3.1represents our theory of how
GKS @GFNAXAIFo6fS WLYy@Sadaz2NI I GapueldliypotBidicelSa a Q YA IKG

framework which is based on the arguments presented thus far.

Figure 3.1: The theoretical model for investor attractiveness

China bans I1COs,

exchanges shuts

down, etc.

1 Negative 2 3
People buy
Media coverage People Google 'Bitcoin’
People sell
Positive Reoplejare

unaffected

Bull market, prices are
rising, blockchain is the
technology of the
future, etc.

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 Bitcoindo nothing. The effect of his action generates a

feedbackeffect so long as he takes action, in which caseetiern back to the first period.



Theprocess 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 knoweman 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 théeet 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 tothe 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 currenegtioned by

some media sourceBut beforethe investordoesthe trade from dollar to Bitcoirhe must

first consider two thingsHeperhaps ussthe Google search engine to do the research
needed to decide on buying Bitcoin or not. Next, shdwdalecideon buying Bitcoinghe
investorneedsto create an electronical wallet with an exchangehs@an trade dollars to
Bitcoin and storghe money during the exchange. Creating a wallet such as this takes time,
at least 24 hours, because the verificationagntitiesmust be done thoroughly by the
exchange to ensure safety of its customers. For many customers, this is not an easy process,
so evenfiit only takes a day or two to have your accownth 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 varietyrehtliffe
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 thisage 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.

10



3.5Formulating the model

In the second stge of the figure investors gather what information they can regarding
. AUO02AY 0STF2NB GKS@ SAGKSNI GF1S FOGA2y 2NJ R2

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

To measuraghe 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 expresses by

following VAR(p) representation:

0 0 0 0 x 0
y 3 8 Yy 3"Y 3 v E 3 y - (3.5)
| ™ T [
3 3FT‘;,3rﬁrhz AT HE o X =T LW

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 ineesinfluence 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, itis highly likely that the Bitcoin price and Google Trends are
simultaneously determined, in which case the first and third periofigafre 3.1
occurat the same time. To circumvent this, we shall tweak the model represented by
equation 3.5 in terms of the methodology presented in chaptein short, we
transform he 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 forrmnly considers the lagged effects of media
attention, which in turn means that we can only provide some understanding of how
the demandfor Bitcoinis generatedi.e.when new investors entering the market. In

attempt to separate the two groups of investorsewestimate the cointegrating

11



relationship between the two variabléz The procedure is elaborated in chapter
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 negagly 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 effem Bitwin return in both scenarios.

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

model:
26 L |oOl§’6 lS"G E 1376 O 6 (3.6)
y'Y !Y UY "Y .
Coe 1“:}“| : o :8,(3 S AT mIsz X 3z L
h h

where R= Logarithmic Bitcoin price in terms of dollar in period t and Logarithmic values
of Google Trends in period Y.implies first difference of the coherent variable, is the
coefficient matrix of the constants) is the residual matrix in which the residuals might be
correlated.® 'O is the cointegrating vectéf ,| and| are the speed of adjustment
parameters. Lastlydds a dummy variable measuring the asymmetric response to news
coverage:

o pPAQRE i Q @u@@ L Qi oo QQ

mTQNQ Q0 & VDWdE 0 Qi ®wQQ

The model is specified on reduced féro avoid simultaneous bias. When somor
distorts the longterm equilibrium between logged Bitcoin price and logged Google trends,
we regard the implied shifts in loAgrm dynamics as the reactions of investors already

settled in the Bitcoin market. Building the model is elaborated in &1a4y and the model is

estimated and analyzed in chaptet®8

151n 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 themethod of estimating the dmtegrating vector, and anore thorough explanation of the involved
coefficients, we refer to chapter 4.

17 Note thatreduced 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
guestions raised by this thesis: How is Bitcoin categorized, and how does media attention
influence the return on BitcoihThe 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 Bitcointand i
comparable variables. In thbird part of the chapter we present the methods used when

estimating the VECM model which was introduaaa¢hapter 3.

4.1 Common method

4.1.1 The Dickelyuller test

When estimating singlequation models it is of greamnportance 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-@aoinitt

is said to be nonstationary, anchormal inference methods cannot be used. In such
AyaidlyoSa GKS @GFINAFofS Aa 3ISYSNrGSR 6@ | WNX
term are persistent for all time periods. A formal method of testing whether the variable

contains a uniroot has leen presented by Dickey and Fuller (1979). The DiEkégr test

(DFtest) is performed by investigating whether the variableipn the simple AR(1nodel

given by equatior.1 contains a unitoot:

W | w0 - (4.1)

-x 'gas) mh, (4.2)
The null is formulated as such: the variahlésynot stationary, denoted as I(1). The
alternative hypothesis is that the variablgiy stationary, denoted as 1(0). The erterm is
assumed to be a white noise process as stated by equdtidnf the variable does contain a
unit-root, the coefficienth 1, should be equal to unity. Dickey and Fuller (1979) proposed to

subtract y1 on both sides of equation .4, which gives us the equations 4.3 and4

Yoo | pw® - (4.3)
Vo o - (4.4)
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The Dickeyuller testis then performed by testing the nuli,= 0, against the alternative
that “1< 0. Under the null hypothesis of nosgationarity, normal inference methods cannot

be applied when estimating the test statistic:

0 —= (4.5)

Instead, Dickey and Fuller presented their own table with critical values based on-Monte
Carlo simulationsEstimating equation 4 and calculating the & statistic given by equation
4.5, the calculation may be evaluated agaithst critical values gathered by Dickey and
Fuller(1979).

However, it is not always the case that the esterm purely consists of white noise. To
avoid serial correlation in the residuals, and general misspecification of the rgodat by

4.4, an extensn to the simple Dickeffuller test may be applied. The augmented Dickey
Fuller test (ADfest) includes differenced lags of the independent variable as explanatory
variables in the model. Throughout this thesis, this method is used to determine statjonar
The extension to the standard st can be expressed by equatidtb and may be further

extended by for instance a trenar a drift term.

Yo T T « Yoo oo - (4.5)
where” B | p, B

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 statiopavariables is the following:

i pmatl 10C 1 10C (4.6)
Where ¢ is return, and Brefer to the variable on level form. Multiplied by a hundred, r
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, r
mentioned as the return in time t. For the variable that is not denominatedolilad kis

mentioned as the percentage change intime 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 generaito-specific method.Using this method, one would start by estimating a general
model, and removing the lastlag that is not proven statistically significant. Repeating this
process until all estimated lagged variables are statistically significant yields the correct
model folowing this procedure. However, this method alone could result in either including

or excluding too many lags, thus either overparameterizing the médelexcluding

important information in the general model.

By combining the generab-specific method vih the information criteria, we can overcome
GKA& LI NIOAOdzZ  NJ AaadsSe® ¢KSNBEF2NBs (2 02YS
general model, we shall use the following information criteria which are reported in
OxMetrics: Akaikes Criterion (AlGh®arz Criterion (SC) and Hanr@aoinn Criterion (HQ).
Following Doornik A. Jurgen and Hendry F. David @®AtBese criteria are given by the

following equations:

00611, QY (4.7)
YO 1 1,C Qaé aw (4.8)
o0 11,C ¢Qllicig "y (4.9)

Using the maximum likelihood estimate of:

. B (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 intwbgree 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 figintd side
penalizes the general model that includes exxegplanatory variables compared to the true

model.

19This would mean having too many degrees of freedom wrsimeting 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 Liutkepohl, H. and Kratzig, M.
(2004) in the following way: AIC asymptotically overestimates the order with positive
probability, HQ estimatethe order consistently (plimHu 1, and SC is even strongly
consistent QY 1 ¢d §21. Thus, we write the order of explanatory variables selected by the

different criteria in the following sequence:

AFYS  ARO  RBL'OS
In the multivariate scenario, thenformation criteria hold the same properties. Following the
simulation analysis dklain Hecq (1996it isadvocated weighting the results of SC relatively

to the other information criteria when determining the ldgngth of VARequations n the

presenceof GARCHrrors. The multivariate information criteria are listed in the appendix.

4.1.4Diagnostic testing: post estimation

After specifying the general model irries of the method presented in. 4.3, it is important

to conduct diagnostic testing. Iféhgeneral 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 therue model. In this section we review the two test procedures that we
use throughout this thesis: The ARCM test and the Ljun@ox test.The latter is both used
in chapter 7 and 8.

4.1.4.aThe ARCHM test

Having decided what lagngth the general modeshould have based on combining the
generalto-specific method with looking at the information criteria, we are here concerned
with uncovering GARGetrors in the series. To investigate this matter, the standardized
residuals from the estimation of the geral 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:
-] - |- E | - 0CQEG Qi Q  (4.11)

If the autocorrelations of the underlying timgeries are accounted for by the ARMA

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

21The resultsare the same in the premce of GARGEfrors, see Hecq, Alain (1996)
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in this case are uncorrelated with mean zeowever, there may still be serial dependency

in the residuals caused by some nonlinear generating process not captured by the simple
ARMAmModel, which in this case could suggest the existence of heteroscedasticity in the

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

several different tests, such as the Engle AR®Hest (Engle, 1982) and McLebitest

(McLeod and Li, 1983). Bollerslev (1986) suggested that the EnglelAR @kt should also

have power of proving 8RCHeffects, which concurs witknders (2015 G o0 X0 A ¥ & 2 dzNJ
length is shorter than the true structure, and if you still detect GARCH effects, you can

02y Of dzZRS (KIFIG D! w/ I ST¥FFSO0ha | NB LbDWBosi®yad Ay
amongst thetests, OxMetrics limits the selection to the ARCM test which is no negative

limitation considering the arguments presented.

When applyingthe tests using OxMetrics, we set the tBggth (m) to different values to
check the different intervals of theesiduatseries The tests carried out by testing the null
hypothesis being 4| =| I X X 2=0, or rather put in words: all coefficients measuring

the impact of the lagged squed residual terms in equation (4.Lare jointly equal to zero.

We se three different lag intervals, namely4, 1-5 and 110.

4.1.4.bThe LjungBox test

Even though the general model is specified using the method presentd.B) there may
still be autocorrelation in the residuals. If this is the cdaBe Q-statistics formed using the
correlations of the squared residuals will, if proven significant (i.e. belowaye of 0,05),
imply strong evidence of GARCH effects (Enders, 2015). -Blegtitics in referring to the
LjungBox test, which is an improdeBoxPierce test set to uncover autocorrelations inlarge
finite time series G. M. Ljung; G. E. P. Box, 1978js worth mentioning that this test has
been disputed by Madalla, who argued that when including none exogenous explanatory
variables such &lags of the dependent variable, the properties of thes@tistics used in

the LjungBox test will not be asymptotically convergent towards asduared distribution,
rendering the test biased toward accepting the null hypothesis of no autocorrelatien.

instead suggested to use BreusGlodfrey test for seriecorrelation. (Madalla, 2001).

Though the argumentsf Madalla (2001) disputes implementing the Ljung Box test,
OxMetrics once again limits the assortment of tests to the said test for autocaoelat
Therefore, we use the Portmanteau-sgatistics(Ljung Box tesgt
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FollowingDoornik and Hendry (2083, the sampled autocorrelation function (ACF) of a
variablew is the series {fwhere ris the correlation coefficient betwee andw for j =

MEXzay

B w o (4.12)
The Portmanteau statistic is given by:

i
oo6i Y ——
Y Q (4.13)
When reporting the test results, we investigate different intervals of the time series,

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

4.2Method for categorization

4.2.1GARCH models

In our attempt to categorize Bitcoin, we apply the methodBaiuret 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 oBauret 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 kigawle

one needs to follow the analysis of chapter 7.

Typically, financial timeeries showtendencies to clustered volatility where if a large value

in the variance occurs at some point during the tis®ries, itis expected that the next

period of the variace is also large (in absolute values). The GARCH model is an extension of
9 y 3t S Qriodel (1982) presented by Bollerslev (1986). A simple GARCH(1,1) model is

given by the following equations:

u 1 - (4.14)
. O E (4.15)
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0, @B Tip (4.16)

Q| | - T Q (4.17)
The conditional variance of is equal t0Q, because the conditional variancewfis equal
to unity per assumption of it being white noisstated by equation 4.16Therefore, the
GARCHnodel 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
settingl 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 proddsese models

usually altethe conditional variance equation of the stdard GARCH model. An example

of propertiesi KIF & I NB I OO02dzy i SR F2NJ Ay (KSaS Y2RSf a
i.e. asymmetric responses to shocks in a negative and positive manner measured in the
conditional varianc&. The GJR model, propas®y 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:
Q| | - o - T Q (4.18)

Where'O is a dummy variable equal to 1-if is greater than zero, and O-if is smaller
than zero. A negative and significant estimate of the coeffigiewill imply that negative
shocks increase the variance by more thmsitive shocks do. This K6 a2 OF f f SR Wf ¢
STFTSOolQo
A second relevantariation to the GARCH model is the integrated GARCH (IGARCH), in which
the conditional variance is persistence for all periods of time during agienes. The
IGARCH(1,1) rdel assumes that {s + is equal to 1. This gives us the equation for
conditional variance equal to:

Q- 10 (4.19)

f P (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 Black1979
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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 niwre of t
variation in the underlying timaseries, so there exist tradeff 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 presenteh 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 exangdlevo variables, in thitast partwe
considera sinple first order vector auto regressive model (VAR(@#ction 5.3.1s mostly

0FraSR 2y (UKS GLYGNRRdAzOGA2y((@0fi5g +!w |yl feéairasé

4.3.1 VAR: reduced form

In this thesis, it is of importance to determine the relationship among BitcaihGaogle
trends. As discussed in chapter 3, theo variablescould besimultaneously determined,
which means thaestimating equation 4.21 and 4.28% OLS would cause simultaneous

equation biags3:

Op B D Og Ohy oy - (4.21)

Dy O OO QD O O - (4.22)
Equation 4.21 and 4.22onstitute a firstorder vector autoregressioan level form The

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

In this structural VARepresentation, the variables can affect each other.avoid
simultaneous bias in the estimators of the coefficients, a transformation of the system of
equationsto a reduced form can be don@he software we use throughout this this,
WhEaSiINAOaAQE O2yRdzOG&a NBRAZOSR T2NX & i
models. However, we believe it is important to clarifywhaYiS I yi o6& WNBRdJzOSR

First, we obtain the compact form:

23|nthe context of this thesis, let)Xequal Bitcoin return and 2¢equal percentage change in Google trends
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6a 3 3¢ - (4.23)

where 0 "p w 3 v, 3 o

® TR
» p! (I)ﬁ’ ) ('I)a

T h
Multiplying equation 4.23vith the inverse of the coefficient matrix, A, yields the VAR(1)
representation on reduced form:

w 06 o0w Q (4.24)

where 6 0 3,0 0 3, 0

The condition of stability in this VARpresentation is solving the characteristic equation:

O &’ (4.25)
Next, definingld as element of the vector B, ® as the element in rowand columnj of
the matrix B, andQ as the element of the vector ¢ we can rewrite equation 4.21
W O 0 Wy W Oy Q (4.26)
O © ®wF; ©oF Q (4.27)
Equation 4.26. and 4.2@re the estimated vectors when using the restricted We&Rmation

function in OxMetrics in our tweariable scenario.

4.3.2Johansens trace test

A formal definition of cointegration was proposed by Engle and Granger (1987) and is here
adapted to thetwo-variable scenario which we shall encounter in this thesis. When

analysing two variables that are integrated of the same order, for instancand X%,: which

are both I(1), if there exists avector= [ 1% 281 a4 dzOK G KIF 0 GKS = dy+SI NJ 02
ioxotAd Lon0vI GKS Gg2 OFENARIFIOGESa NB O2AydS3aNI (S
cointegrating vector (Enders, 2015) (Engle and Granger, 198@ncover cointegration, we

employ Johansens trace test.

The Johansen cointegration test of dolsen (1988) is based on estimating a reduced VAR
process using maximum likelihood procedure. The normal procedure is to reparametrize
equation4.24 using thesame method showed in sectidnl.1. Recalling that VAR

representation on reduced form can lbepresented by the following equation:

@ 6 66 Q (4.28)
Reparametrizing yields:
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YO 6 06 pw Q (4.29)

Yo 6 e Q (4.30)
The stability condition for equatioXisS3 1 & T, meaning that all eigenvalues in this
characteristic equation are strictly less than unity. To employ the Johansen cointegration,
estimating the eigenvalues of the matrixis necessary. The rank, r, of the matrix is then
examined. Depending on which testatistic one use¥, 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:

i Y 10p _ A miptf8RE p (4.31)

The null hypothesis assumes tha# ¢ where ¢ 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 precisety; | Tawhere alpha and betare matrixes of
dimensions n xr. The elements of the betatrix refer to the cointegration vector, of which
there only may exist one in the case of two cointegrated variables. The elements of the

alphaYl G NAE NBTFTSNI (12 (KS WDWSSR 2F | R2adadGYSyid |

The testis carried out by systematicatyce-testing the null of at most r cointegrated
relations against the alternative that there is more than r cointegrated relations. Starting
with testingi  p against the alternative that p, if the null is rejected, we continue with
testingi ¢ againstthe alternative af ¢. When the null is not rejected evaluated

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

When testing the cointegration relathship between Bitcoin and Google trends, there can
only exist one cointegrated vectoDxMetrics automaticallpormalize the vectowith
respect to the first variabl®y following the methodof Doornikand Hendry (2013bjand so

the matrixe can be writtan:

R I (4.32)

24 Johansen (1988) suggested two different tetistics;_ and_
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4.3.3VECM and Granger Causality
In the case where the two variables are Cl(1,1), there always exists an error correction
mechanism® (ECM). Following the formulation of Enders (2015), the ECM vectors which

constitutes the vector error correction mechanism (VEE&Man be given by.33and4.34:
Yo ool | 5 QD T @ O QYR 3 AIINONA 3 - R (433)
Yo ool | 5 Qf T @ O QYR 3 ©  QY® R - h (434)

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

A I @y isthe cointegrating vectoThe parameterd x1,tandh x2 tare known as the

WA LISSR 2F | R2 dzANGtertBaythie caidtediatingSeéc®rblih €ndatien33 and

4.34 (with respective scalars) are equivalent to the notatio® "Oof equation 3.6 in

chapter 3.4Should j in equation4.34 beequalto zeroyo, A & &l AR (G2 0S WgSS
S E 2 3 Syt d=p&rt to  in the cointegrating vectorWhen one variable is weekly

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

relationship, estimating the ECM does not require a VY&iesentation, butcan be

expressed by an ADhodeP’ (Enders, 2015)

The reduced form vectorgl.33 and4.34 can be used to determine Granger Causality. In the
presence of cointegration in the tweariable simultaneous equation example, the variable
Yoris saidtaot WD NI y I3 SNJ O dza. 8 &l thé éstmatéd paidnietorB S - Q
are equal to zm. That is, previous observed values pfi¥es not contributes to explaining
current values of X Or rather: if {Xt} does not improve the forecasting performance of

{X% 1}, then {X} does not Granger causex{X (Endes, 2015).

The residuals ohie two variables that shall constitute the VECM, Bitcoin return and
percentage change in Google tren@xhibits GARCH errorgollowing the simulation
analysis of Alain Hecq (1996), when two variables are affected by GARCH errors in the
residual terms, imolving the information criteria when determining Granger narausality

does not cause spurious resfiisand are therefore applied in chapter 8.

Ly (GKS fAGSNY GdzNBs 9/a A& GNIXyathriSR (G2 SAGKSNI a9 NNERI
26 Note thatthe VECM is a system of equation on reduced form (standard form)

271 f 42 NBTSNMIPR Nk (1S53 9WaQ

28 This holds even under theorst circumstances where the volatility parameter (ARCH) is large relative to the

moving average parameter (GARCH), and the samplesize is relatively large.
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5. What is Bitcoin?

5.1 Bitcoinas Money

As previously mentioned, the initial thought, and possibly stillldre-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.
(MerriamWebster) To be able at greater extent to catege, 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 mgnit 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. (Yerm&€K5) By looking at the Dollar, the largest
reserve currency in the widt today??, 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 itis also used amé of accountacross 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 netrefit 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. Thed® goo
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 currencis bartering with different produce became
different, both in terms of setting a value and it being impracticalngaf 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. [Hresdol
considered a safe haven, and in so way a safe currency to hold to facilitate payments. (Tappe, 2018)
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would be backed up by gold reserves, but no gold was actually switching hands. (Dyhrberg,
2016). On & 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
A02NE OSAYyATALEKSEI@gzbaiKSNE Aa y2 Of SN SOA
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 paperused for facilitating transactions between parties and are not redeemable for
anything but such. (Hoppe, 19pBitcoincan also irso 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 wiesls. And it is with FIAT money

that the all so important concept of trust makes itself most relevant, the holder of FIAT
money truss that it can be exchanged and accepted by a counterpart. A FIAT currency is
usually backed by a government ensuring thast 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 governent. But Bitcoin fails to conduct the everyday tasks we expect
from a currency in a satisfactory way. The high transaction fee and®flimeconducting a
transaction makes Bitcoin not suitable as a day to day medium of exchange. As a store of
value, Bitcan 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 toaagbit

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$0.10.
(https ://imww.blockchain.com/charts/aveconfirmationtime?times pan=30day$ittps://bitcoinfees.info/)
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5.2.4 Electronic Money

Electronic Money is defined bihe European CentralBankd & ! y St SOGNRY A O
monetary value on a technical device that may be widely used for making payments to
entities other thantheey2 y S@ A 34 dzSNE® 9f SOGNRYAO az2ySe
predecessor of Bitcoin, but the main similarity here is tet monetary value is stored on a
technological devise. TraditionairBoney needs to have anissuer, and so it has someone
responsible for the issuance, and for the functionality. In Bitcoin, no one is in charge and

reliable. EMoney is usually just digilly represented FIAT currency, such as the Euro E

money issued by ECB. (European Central Bank)

5.3 Bitcoinas 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
becomea 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
mannerat the time of writing The scarcity of retailers and others acceptingdn is a big
obstacle for itto cement itself as a currency for the mas¥éisen examininghe volatility
process oBitcoin in chapter 7we see that this will impose substantial risk on both retailers
and consumers acceptingnd using Bitcoin as paymig 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 customerhascorrectly transferred the Bitcoins and let the transaction of goods go

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

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

mustbe fixedfor 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, a
processing 3,3 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 ison average between $1,4 and $2Roth the fact thatt is so volatile, and the
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scalability of the transaction chain will have to be improved for itto 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 itis
important that itis easy comparable to goods and services denoted in different terms or
currency (Yermack, 2015) and for something to be compared with another, it istanpo

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 ttmigbcurately

make comparisons. In fact, the price of Bitcoin can fluctuate several hundred dollars across
exchanges. (Worlwbinindexcom 2018) Implying thaiThe law of one pricdoes not hold for

Bitcoin, so there are vast arbitrage opportunities.

5.3.3As 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 significantloss. Itis of the
greatest importance that the owner of the assetas not lose consumption power over the
GAYS KS K2fR& AlG® 2A0K (GKS YSyYyGAzy 2F . A002A
mind, it is possible that Bitcoin in the future might become a dafeen for storing value.
Today however, Bitcoin facesd 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*! 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 volatilitp. Sy that

Bitcoin is volatile would banunderstatement. 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 hadvalue in Bitcoin.

31 hitps ://www.coindesk.com/information/howto-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 functionalty as a medium of exchange, unit of account and as a store of value, the
volatility of Bitcoin is anissue. This brings up the timely question of Bitcoin today resembling
more of a speculative asset than a currency, which is supported by the findingewcke
(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 knowladge
however reasonable to include exchange rates in the quantgaanalysis 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 spdlative 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, aaddhost infinite lower bound. A speculative
Ay@dSaityYSyid Aa RSFTAYSR o0& (GKS /I YONARIS RAOGA
2F NRA|l 2F f2aazx 2N 0KS | OUAGAGe 2F Ay@SadAy
dictionary) Which arguably fitssaa 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

holdersof an assebelievethat they will get a return by holding, they believe they will

experience positive volatilityBaur et. Al, 2017 This is of course no different than

speculation in stocks, but in Bitcoin itis only the volatility which will grantayceturn, 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 clad$inancial asset, such as

stocks. A quantitative analysis, which will be donehapter7, finds that bitcoin do not

resemble traditional financial assets used for speculation today.

The lack of intrinsic value in Bitcoinmgportant when it comes tdow attention and hype

playa part in the price formation of Bitcoin. The fact that Bitcoin is a supply and demand

28



market in its purest form makes market manipulation highly possible. Gandal (@01%)

found that during Bitcoins early days in 2013, @uent in the market single handily drove

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

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

such power. Griffin and Shar(®018) found support for the claim that Tet8éwas used to

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

YFEYALWzZ A2y A& O0SKAYR @4adz ©OASEEIDE  SRDANGR (FZFNTIyA
2018).

Price maipulation 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
financialassetghan a currency. This will also be checked in chapter 7., where the volatility
processes of speculative ass®&sand nonspeculative asseté will becompared to that of

Bitcoin.

The four variables chosen to further extend the analysis of this chap&quantitative
matter are two currency pairs, a stock market index and afresd& asset. In the next

chapter, the chosen variables are laid out ax@mpared through a basic statistical analysis.

32 A cryptocurrency peggetb USD
33 Stock market index
341 year Bill, referred toas the riskfree rate
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6. Data and descriptive statistics

6.1 Introducing the variables

In this chapter, we present the varialslere have chosen to compare Bitcoin amori§sand
have a first look at similarities and differences between th&@ime variables introduakin

this section are Google trends, S&P500 (stock market proxyeaf treasury bifi® and lastly

two currency pairsdollar to euro and dollar to sterling poun8esideghe Google Trends
variable all variablesare retrieved from Thorman 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 aameagful comparison dhe 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 peresfeest using python 3 to
sort the dat into a csv fil&. This data is restricted to containing weekly observations only,

due to data extraction rules set by Googléherefore, the total number of observations for

this variable adds up to 261, during the same time interval as for the daity dat

Googletrend data are generated in the following wiyyou start off by choosing a keyword,
setting a timeperiod and choomg either to generate for the whole world, or a specific

region of choiceThe volume of all Googkearches using this keywors measured

relatively to the volume to that of all other Googéearches at the same point in time, and

this relationship is then multiplied by a factor which scales the dataset to a value between O
and 100. 100 represents the week with the most interesthie keyword, and 0 means there

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

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

35 See chapter 4

36 which will be referred tdn this thesisas the riskfree rate

37 The code is added to the appendix

38 A description of how the data is generated can be found following this link:
https://newsinitiative.withgoogle.com/training/lesson/6507480104304640?image=trends &tool=Google%20Tr
ends
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6.2 Graphing the variables

In this sectionthe variables used throughout this thesis is graphed and discugaezito 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 represenvn@bles 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 tirseries as graphed Higure 6.2 and 6.5 will be

NEFSNNBR (G2 a af SOSt FT2N¥eéod Ly GKAa aSOlAz2y

overview of the variables.

6.2.1 The daily datasets on |efa@im

The time series graphed in F&1 shows the development during all dadlgtasets, 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 thelweekue, i.e. the average value. Fig.

6.2 views the daily lo¢evel development during the same time horizon.

From viewing figuré.1, Bitcoin (pBTC) shows nothing near the behaviour of the other
variables we wish to compare it to, except for the Trendsiable. As aurrency,Bitcoin
seems to diverge from thdepictedrelationship between the US dollar and the two other

currencies.

Figure6.1: Daily raw series
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Figure 6.1:The graphed series of Bitcoin price in terms of dollar (pBTCEdbgleTrends 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 eyaar risk free rate in the US (1ar Try). The daily raw datasets

contain 1305 observations.

Whenviewingfigure 6.2, the logged variables offers a visualisation of the tseees 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 matcimé¢hpatiterns

reflecting the behaviour of Bitcoin.

Figure6.2: Logarithmic daily raw series
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Figure 6.2:The graphed daily logarithmic series of Bitcoin price in terms of dollar (pBTC), the-Google
Trends variable (tBJCdollar to euro exchange rate ($to Euro), dollar to pound exchange rate ($ to £),

the S&P500 stock market index (S&P) and theymae risk free rate in the US (1ar Try). The daily

logarithmic raw datasets contain 1305 observatians.

6.2.2 The dailyetum variables
To create return series, we apply the method elaborated in chalpte2. 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 daéyurn series are found in figu@3:

Figure 63 shows the graphed returns generated by daily data for each asset during their
respective lifespan. Trendgriable is not represented by the daily return series figure, since

the variable holds only weekly data. If we were to graph this variable, ikdvoontain at
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least 4 zerenbservations per week. Comparing the daily return series to the original daily
raw series, Figuré.3 shows that all variables seems to have stabilized around a close to zero

meanvalue, which is no surprise given the fact thaése are returrseries.

Figure6.3: Daily return series
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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 £ %) idsiefbe

interest rate in the US (DL 1ar TRy). Percentage change in the Google Trends variable on a daily format
is not obtainable due to data extraction rules set by Goofhe daily return datasets contair304

observations per variable.

6.2.3 Thaveekly variables onlevel form
The weekly timeseries are gathered by estimating the weekly average using the daily time

series. The Trendgariable is downloaded in a weekly format in its original state. The weekly

variables orlevel form are found ifigure 6.4 and .
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Figure 64: Weekly raw series
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Figure 64: The graphed weekly series of Bitcoin price in terms of dollar (pBTC), the -Grogle
variable (tBTC), dollar to euro exchange rate ($ to Euro), dollar to pound exchangetmff),($he
S&P500 stock market index (S&P) and the-year risk free rate in the US (1ar Try). The weekly raw

series contain 261 observations.

Hgure 65: Weekly logarithmic raw series
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Figure 65: 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 theymee riskfree rate in the US (1ar Try). The weekly

logarithmic rawseries contain 261 observations.
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6.2.4 The weekly returmn variables

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

risk-free rate variablé®which is gerrated by the logarithmic first difference.

Figure6.6: Weekly return series
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Figure 6.6:The graphed weekly return series of Bitcoin (weeklyDLpBTC), Google Trends
(weeklyDLtBTC), S&P500 (weeklyDLS&P500), the dollar to euro exchange rate (viieekEDib), the
dollar to pound exchange rate (weeklyDL $ to £) and thefnégk interest rate in the US (weekly DL 1Y.

Try). The weekly return series contain 260 observations.

Figure 6.alisplays the weekly return series. These tisaies do appear to have stabilized at
some mearvalue close to zero. When viewing the Tremdsiable, the graph seems
somewhat unordinaryThis is due to the Trends dataset holds multiple zaertues. The

series we are looking at in Fig. 6.6 are percgatahanges in the google search popularity.
This means that during the periods which are flat the popularity for Bitcoin searches has

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

The observed tendendy volatility clustering in figure 6.3 and 6.6 is a known phenomenon
in financial timeseries. 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.

39weekly DL 1Y TRy
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6.2 Stationarity

In this section, the variables on kbgvel form and on return fornare testedusing the ADF
test explained in chapte.1.1, to determine whethethe variables contain a unit root. Using
the information criterid® to decide the lag length (p) of the first differencéise following

general equation for all variables are estimated

Yo f "W e Y - (6.1)

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

variable is I(1). The ldgngths,t! 5 CX -dalyeR are reported in tabl@ 1.

Table6.1: ADFHests

Variables on level form: daily Variables on level form: weekly
p Variable t-adf p o Variable t-adf p
0 Bitcoin -0,58 -0,0008 0 Bitcoin -0,89 -0,05
] Trends -1,99 -0,007 ] Trends -2,19 -0,04
4 S&P500 0,98 0,002 2 S&P500 -0,81 -0,01
1 Sto Euro -1,23 0,002 1 Sto Euro -0,98 -0,01
] Stof -1,02 -0,001 1 Stof -1,25 -0,01
3 Risk free rate-0,11 0,0001 8 Risk free rate 0,33 0,002
Critical values: 5% =-2,864 1%=-3,438 Critical values: 5%=-2,873 1%=-3,457

Return variables: daily Return variables: weekly

p Variable t-adf p o Variable t-adf p
3 Bitcoin -16,35%** 0,9 0 Bitcoin -11,83*** 0,71
o Trends -36,08%%* -1 2 Trends -10,89%**  -1,26
0 S&P500 -36,65%*F  -1,02 1 S&P500 -12,01%**  -0,98
4 Sto Euro -16,29%**  _1,04 0 Sto Euro -12,43*%** 0,75
] Stof -34,07%%* -0,54 1 Stof -11,64%%* -0,95
8 Risk free rate-12,25%**  -1,02 7 Risk free rate-p,18%** -1,1
Critical values: 5% =-2,864 1%=-3,438 Critical values: 5%=-2,873 1%=-3,457

Table 6.1 The table views the results of Af@Bts 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
RAFFSNBEYOSR QI NXIFIoftSaed wWLIQ (Stta K2g Yrye RAFFSNBY
citeNA F @ W Q A& GKS O02STTFAOABYIH RF @IS sKRADKI SAaal  axdol 205
when conduction the-test. ** denotes significance ata 1% level, ** denotes significance at a 5%

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

and Fuller (1979).

40 Recall that thought theesiduals of the variablamight exhibit GARGErrors, using the information criteria is
still the best option to determine labength in this scenario. For more information, see chapter 5.
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The results from the ADEEstsshows thatthe variables on level form contain a unit root
which means they arelj. The return variables do not contain a unit root, and are classified
as 1(0). Neither variable on level form is stationary and must therefore be differenced once
to become stationaryHence estimating all the return series by OLS will yield unbiased
estimators. Moving forward with the descriptive statistiesll therefore only examine the

return series for each variablexadaily- and weekly format.

6.3Descriptive statistics

In this section, basic descriptive statistics of each return varisbievewed'l. Tables.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 tbe stockindex both for the

daily and the weekly dataset, and nowhere near thaureton the two exchange rates,

which trades on average close to zero. Obviously;fresktreasury bills hold the lowest

return amongst the other assets inits category. In both our daily and weekly observed data,
Bitcoin return holds the highest standadéviation, folloved by S&P500 return, the return

of the exchange rates and lastly thek-free rate.

Table6.2: Descriptive statistics

Daily return series Mean SD Skewness Kurtosis Min Max
Bitcoin ($/BTC) 0.45528 5.9832 -0.991 20.28 -66.395 48.478
S&P500 0.04498 0.75906 -0.61622  3.6926 -4.1843 3.8291
S/ Euro -0.0053674 0.53318 0.0066055 2.0921 -2.2594 2.6
S/E -0.0074797 0.58846 -2.1297 31.876 -8.312 2.7631
1Y Tr. Yield (US) 0.0019631 0.049017 1.0756 8.0733 -0.2662 0.31736
Observations 1305

Weekly return series  Mean sD Skewness Kurtosis Min Max
Bitcoin ($/BTC) 2.2201 11.556 0.49444  4.0508 -51.715 54,696
Trends 1.1325 26.685 0.43233  1.5486 -69.315 91.629
S&P500 0.22141 1.3045 -0.98548 4.3031 -6.2824 4.3997
S/ Euro -0.026937 0.93909 -0.11922  0.69504 -3.8161 2.8466
S/E -0.036755 1.0904 -1.8050 12.658 -8.4297 2.9960
1Y Tr. Yield (US) 0.0097871 0.089630 0.49615  2.1498 -0.26018  0.38431
Observations 260

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

G5SAONRALIGAGS {GFdiAadGAOa dzaAy3d t/ IAPSéED

41 Descriptive statistics for the logged variables are gathered in the appendix.

37



The estimated skewness suggests that most variables are moderately skewed, and the
excess kurtosis suggest that Bitcoin return and the dgdtamd exchange rate return holds
the highest probability of assumirtdily 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

Inthe following section the correlation matrix, and the implications of the significant
coefficients relevant to the thesis are discussEde correlation matrix is generated by
dividing the covariance between two variables on the product of thesipective standard

deviations, whilst restricting the estimation to be contemporanetusThe results are

displayed intable 6.3.

The results indicate that daily Bitcoin returns are uncorrelated with all explanatory variables,
i.e. all the coefficients arelose to zerowhich makeghese results insignificant. The clese
to-zero value of the coefficient belonging to S&P500 return provides an@iagement
opportunity for an investor who seeks to mitigate risk. Even though this coefficient is not
significan, itis indeed an interesting relationship that in theory could contribute to a better
diversification when one decides to invest among different financial asshesother

variables seem to have significant relationships compared to one another, imdjdhat

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 ceefffic

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 Trendsriable indicates a significant correlation viewed
under the 5% significance level, \h corresponds to the hypothesis that that Trends should

have explanatory power on Bitcoin return.

42To calculat the pvalues related to the different estimated coefficients, we use Stata

38



Table6.3: The correlation matrix

Daily returns

Bitcoin ($/Bitcoin) 1

S&P500 0.0090647 1

$/Euro -0.023571 -0.064855%** 1

S/E -0.019406 0.10789*** 0.52092*** 1

1Y Tr. Yield (US) 0.0093012 0.089794*** -0.12448*** 0.015138 1
Observations 1306

Weekly returns

Bitcoin ($/Bitcoin) 1

Trends 0.0985** 1

S&P500 0.1622%** 0.1732%** 1

$/Euro -0.0448 -0.0443 -0.0301 1

S/E 0.0051 0.0946 0.2387%** 0.5200%** 1

1Y Tr. Yield (US) 0.0704 0.0221 -0.0779 0.2105 0.0218 1
Observations 260

Table 6.3 The correlation matrix shows that all variables are uncorrelated with Bitcoin on a daily basis.
On theweekly format, Bitcoin is correlated with percentage change in Google Trends, and the stock

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

6.4 Summary

By the first look at our data, we have seen that Bitcaing 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 fisde rate. Creating the return series, we

have seen that both the daily aritde 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 coully itmgt 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, aneargue 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 investigdue Yolatility 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 methodologyBafuret 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 chapterre comparedTheaim of

this chapter is to attempt a categorization of BiitcoT his chapter proceeds as follows; first

the mean equatiof 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 GARCHeffects and autocorrelationsising the ARGHM test and the Ljun@ox test. Last,

the best GARGhhodel in terms of the volatility process of each variable is fitted, and further

it is checked if the GAR@&Hfects are accounted for using the ARCM test.

Because all variables onvid form are 1(0) when differenced once, we shall use therretu

series presented in chapter, Gsing both daily and weekly défa

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 lengthto p =5 and q =5, i.e. Monday through Monday. For the
weekly datasets, we set the lagreshold to be 4, accounting for approximately one month

of data. Combining the genertd-specific methodwith regarding the information criteéa,

we determine the adequate lakpngths for each model. The reader should be advised that a
more correct method to use when fitting an ARMAuation is to apply the Hannan

Rissanen procedure of Hannan & Rissanen (198&jollow the procedure partly byirst
choosing the proper latength of the auto regressive part, before adapting the moving
average lagength to this result. If an additional M#ariable changes the estimates of either
one of the ARparameters that are already declared statisticallyngficant in the model, the

MA-variable is not included in the mean equation.

Using the information criteria to decide respective erdistributions, all daily variables
follow a normal distribution, except the $/Euro return series, which followsletribution.

In the case of our weekly data, the information criteria chooseastribution for all

43The mean equation NS FSNNBSR (2 | a (KS WISySNIf Sldzt G§A2yQ {KNERdz
44 Recalling that we do not have daily data for Google Trends, examining the volatility poftiesJrends
variableis only done using weekly data.
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variables except for the Trendsriable which is normally distributed. These results are
applied when determining the proper ldgngths of the differenimean equations. The
selected lagength included in the mean equation for each respective variable are presented

in Tabler.1.

Table7.1: Laglength selection for each mean equation

Daily return data Weekly return data

Variable AR MA Variable AR MA

Bitcoin 2 1 Bitcoin 1 0

S&P500 1 1 S&P500 2 0

S to Euro 1 1 S to Euro 2 0

Sto £ 2 0 Sto £ 1 0

Risk free rate 2 2 Risk free rate 2 0
Trends 0 0

Table 6.1: The selected kengths 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, wevéditted the correct amount of moving

average variables without distorting the statistical significance of the auto regressive parameters.

7.1.1 Diagnostic testing

Table7.2 displays the resiudigathered regarding diagnostic testing of the mean equatias

specified by tabl&.1. An elaboration of both tests can be found in chagier

Table7.2: Post estimation diagnostic testing

Dependent variable Q-statistics on Squared Standardized Residuals ARCH-LM-test
Q(5) Q(10) Q(20) Q(40) 1-2 1-5 1-10

Daily returns

Bitcoin 5,67* (P-value=0,0587) 8,28 36,23%* 53,69%* 119,06%**  4824*** 24,13%%x*

S&P500 5,84 8,53 18,28 37,68 78,05%** 43,75%** 22,31%*x*

S to Euro 1,79 11,35 24,63 46,12 8,00%** 8,24%** 5,91%**

Sto £ 9,32% 13,76 23,22 47,24 11,08%** 7,72%%* 4,11%%*

Risk free rate 2,33 12,34 66,99%* 109,53%** B 73%** 4,45%** 2,74%%*
Weekly returns

Bitcoin 3,74 4,97 10,89 29,78 1,33 3,6%** 2,67***

S&P500 1,37 9,96 14,08 41,25 3,16%* 1,51 1,92%**

$to Euro 7,69* 11,52 24,76 40,34 4,87%%* 2,81%* 2,72%%*

Stof 3,16 5,27 16,08 35,46 1,01 0,45 0,23

Risk free rate 21,15%** 56,23%** 115,31%**  239,13*** 1,94 7,10%** 4,62%**

Trends 4,09 5,21 11,11 29,68 0,93 3,38%** 2,69%**

Table7.2: In this table, the post estimation diagnostic testing results are presefitedenotes
significance at a 1% level, ** denotes significance at a 5% level and * denotes significance ata 10%

level.
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7.1.11 Dalily return diagnostic tests

For most variables on a daily format, the autocorrelation in the early stages of tHe &€F
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 ta@sne
creating disturbances in the model. All daily series show confirmed G&R@H! given by
the ARCH LM test, i.e. we reject the null hypothesis of no (G)AfREtts present in the
datasets for all variables.

7.1.12Weekly return diagnostic tests

For our weekly set of variables, it is worth noticing that the-frele rate return shows

strong evidence of autocorrelation. Adding more lags of thetekR does not remove the
autocorrelation, which means that the variable is very likely to be fittet imga GARCH
model. We reject the null of no GAR€Hects present in the datasets for all variables,
except forUSD/EURXchange rate return. For this variable, we expect to find-sigmificant

coefficients measuring the conditional variance in the rt of this chapter.

7.2 Applying GARCH modelling

7.2.1 The models

The results from the last section validate the usage of GARQ1¢Is for all variables except
the weeklyUSD/EURXchange rate return. By using the information criteria to determine
the adequate GARGHhhodel for each variable, we found the models selected to be GARCH,
IGARCH and GJR. The resultdiatedin table 7.3.

The variance of the weekly return data of Bitcoin proved to be fitted well by both the
IGARCH mod#¥ and the GJR mod€l Both models are listed in table3 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 weeklyUSD/@Pexchange rate return are statistically significant.

45for the squared residuals
46 selected by HQ and SC
47 selected by AIC
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Table7.3: The estimated GARCH models

Mean equation Variance equation

Constant AR(1) AR(2) MA(1) MA(2) Constant a B ¥ Model

Daily return variables

Bitcoin 0,21* -0,83%** 0,05 0,85%** - 0,94** 0,19%** 0,81%** - IGARCH(1,1)
(0,11) (0,06) (0,04) (0,04) - (0,44) (0,04) (0,04) -

SEP500 0,04%=* -0,91%** - 0,87 - 0,05*** 0,01 0,74%** 0,36%%* GJR(1,1)
(0,02) (0,26) - (0,29) - (0,01) (0,06) (0,06) (0,08)

Dollar to Euro -0,01 0,49 - -0,49 - 0,03%** 0,97%** - IGARCH(1,1)
(0,01) (0,72) - (0,73) - - (0,01) (0,01)

Dollar to Pound - 0,02 -0,01 - - 0,05 0,095 - IGARCH(1,1)
- (0,03) (0,03) - - - (0,02} (0,02) -

Risk-free rate 0,003%+* _0,93%** 0,97 0,93%*%* 0,98%** 0,01 0,02 0,95%** 0,08* GJR(1,1)
(0,0007) (0,03) (0,06) (0,03) (0,04) (0,01) (0,01) (0,01) (0,04)

Weekly return variables Mean equation Variance equation Model
Bitcoin 1,14%* 0,26%** - - - 6,34 0,3G%** 0,64%** - IGARCH(1,1)
(0,54) (0,08) - - - (4,14) (0,08) (0,08) -

Bitcoin 1,58%** 0,26%** - - - 5,44 0,46%** 0,68%** -0,27%* GJR(1,1)
(0,64) (0,07) - - - (4,21) (0,13) (0,08) (0,12)

S&PS00 0,22%** 0,26%** -0,08 - - 0,36% -0,04 0,48%* 0,86%* GJR(1,1)
(0,07) (0,07) (0,07) - - (0,18) (0,08) (0,22) (0,44)

Dollar to Euro - 0,317+ -0,18%* - 0,09%* 0,89%** - GARCH(1,1)
- (0,06) (0,08) - - - (0,04) (0,08)

Dollar to Pound - 0,2%** - - 0,12 0,88 - IGARCH(1,1)
- (0,06) - - (0,13) (0,13)

Risk-free rate 0,01%** -0,13** - 0,38%** - - 0,1** 0,9%** - GARCH(1,1)
(0,003) (0,06) - (0,086) - (0,05) (0,03) -

Google Trends 3,14% - - 21,55 0,18%* 0,89%** 0,21+ GJR(1,1)
(1,61) - - - - (18,53) (0,08) (0,08) (0,08)

Table 7.3** denotes significance at a 1% level, ** denotes significance at a 5% level and * denotes
significance at a 10% level. Standard deviationsliated 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
GARCHrrors are accounted for by modelling the conditional variance using the different
type of GARCH models listed in taBld. The only variable that exhibits sifjcant

autocorrelation is the daily riskee 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 tmelatively 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 isither away in comparison. The ARCbefficient of Bitcoin
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return®8 is larger relatively to the other AR@idefficients, which suggests that the volatility
of Bitcoin return cohere more to its own past observations than the volatility of the
compared variablesThe GARGkloefficient® shows that Bitcoin return holds a persistency

of shocks in the conditional variance somewhere in between S&P500 return asfceesk

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 IGAR&&IE| used to model Bitcoin
return does not account for a leverage effect. When exploring different specifications of the
GJRmodel for Bitcoin return, we found that none of the gamma coefitseproved to be
significant. Therefore, we cannot compare the two variables on this subject, using the daily
format, though itis worth mentioning that Baet. Al (2017)n their study found that the
gamma coefficient for Bitcoin return was positive anghly significant when using a

GJR(1,1) model with one AR lag on d&lyrn 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 2018In addition to this, te 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 wassed 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, implyirmyshared variance pattern across the currencies. This could
point towards Bitcoin resembling @rrency However, this is the only similarityeveould

find when comparing the volatility processes of the different currencies. The fact that the
constant inthe 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
andis thus internally driven. Because the measured conditional variance is large, there is

reason to believe that speculative investors are attractedtiwoin. This reasoning concurs

48 Alpha
49 Beta
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with Baek and Elbeck (2014) who fiBdcoin to be a highly speculativeset due to its

volatility being internally driven

Using the same tool for categorizing Bitcoin, namely the GAfR@HModels Baur et al.

(2017)found that the volatility process of Bitcoin return was nowhere near that of the

compared exchangeraté4l yR Al 61 & 02y Of dZRSR GKFG . AG024A
& LIS Odz I (i As@rntidnéd &&8liéréthis study did solely rely on-@dRels, and could

therefore not compare the different fited GAR@ype models across the variables.

7.3.2 Weekly retm datasets

When examining the volatility process of the weekly return dataset of Bitcoin, we found that
both the GJRnodel and the IGARCGiHodel are good candidates when modelling the
conditional variance. The conditional variance of dollar to pound exgbaate return was,

as expected, poorly modelled by the selected IGAR®HEeI, and is therefore not involved

in this discussion. Thgithe sum of the alpha and beta parameters in the conditional
variance equation dSD/EURxchange rate return is almosgual to unity, the information

criteria all together chose the GAR@tadel 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 significante Tonstant 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 ARClidoefficients of Bitcoin return in both models have increasedalue when
compared to the ARCEbefficient estimated usindaily 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 decayiogks, rather than the

actual persistency of the shocks measured by the GARRM@H?.

On weekly format, there are few similarities to be pointed out between Bitcoin return and

the exchange rate returnsthough the model selection for Bitcoin return ad@/GBP

50$/Euro and $/£
51 Compared to the results for daily return data
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return is similar, modelling the conditionahte of return onthe USD/GBMs not necessatry,

because its variance can be considered constant due to the test results in sedtibP?

The GJRnodels selected for Bitcoin retuty S&P500 return and peentage change in
Google trends opes up for discussiomhe ARCHand GARCldoefficients of the percemige
change in Google Trends tmser to those of Bitcoin return compared to the AR@ht
GARCHoefficients of the S&P500 return. The gamowefficient measuring the leverage
effects"4 suggests that for Bitcoin return and percentage change in Google Trends, positive
shocks increase éhvariance by less than negative shocks. The ganweéficients also
assume almost the same values. This effect is asymmetric in terms of the gemeffiient

of S&P500 return, for which positive shocks increase the variance by more than negative
shocksThis is the opposite to the findings Baur et al. (2017n which MSCI World index
was used as the stock market proxy. Their estimations proved a positive and significant
gammacoefficient for Bitcoin return, and a negative and significant garswefficient for

the MSCI World index return.

When comparing the conditional variance equations of the three-@déRels, percentage

change in Google Trends is the one candidate that resembles the variance pattern of Bitcoin

return the most. The results suggest tihe two variables are almost equally respondent to
W3I22R ySgaQ yR W6l R ySgaQ yR GKIFIG Ay 3ISYSN

very much alike.

7.4 Summary and conclusion

In summary remarks, the purpose of tlulsapterhas been to compar the volatility process
of Bitcoin return to that olUSD/EUReturn, dollar to pound return, the S&P500 stock index
return and the riskfree rate return. We have seen that the daily Bitcoin return shares few
similarities with the compared variables, oth#tan 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 staistically insignificant and too small to be viewed relevant
to this discussion, and therefore not included in the table

53py 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 exchangate return variables.

On the other hand, the three exchange ratediffer due to the high volatility of Bitcoin
return relative b the two other exchange rate3he high volatility of Bitcoin could classify

Bitcoin as a highly speculative asset, whictriea 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 equatidetongsto Bitcoin return and

percentage change in Google Trends, though they were not statistically significant. The best
model to employ for Bitcoin returfior comparison among variablewas the GHodel.

When comparing the three GdRodels8, the conditionalvariance of Bitcoin return seems to
share many of the properties found in the conditional variance equatorthe percentage

change Google Trends variable.

2 X0K D223ftS ¢NBYRa WNBOGANYyQ o6SAy3a (KS Of 2aSsa

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 sp@ceiasset
rather than a currency or a financial asset with an underlying cash flow on which the asset
might be valuated. This concurs with the finding®Baiur et al. (2017)andBaek & Elbeck
(2014).

In chapter 3 we raised the hypothesis that the demdodBitcoin, 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 simifaesponses to shocks in the conditional variance. In the next

chapter, we shall further explore the possibility of a coherence between the two variables.

S5$/BTC, $/Euro, $/£
56 Bitcoin return, percentage change in Google Trends, S&P500 return
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8. Investigating investor attractiveness

Havingt yI t 81T SR FyR O02YLJ} NBR ZledéondfiondlFaliande, v@ & NB &
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 onarmal 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, itis highly likely

that percentage chage 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 chaptée3, t

goal with this chapter is to determine whether media attentioraigctor; driving Bitcoin

return, and to what extent. In chapter 3, vekkscussedhe possibility of Bitcoin and Google
Trends being jointly determined. By estimating the two variablesgiarestricted 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 Bitcoiarreand 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 neWse results are presented

in section 8.3 and discussed in section 8.4.

8.1 Dummyvariable

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 substan@éith basis in the idea dristoufek, L. (2013n how

the dummy variable might be formed,eremploythe algebra editor in OxMetrics:
dummy = movingavg(DLtBTC, 3, 0) < DLpBTC ? 1: 0;

gKAOK O y 0 S -whdR mdvinglasierageloffperdeitage echange in Google Trends
searchqueriesis less than the Bitcoin return, the dummy variable takes the value 1, and O

20KSNHAASED ¢KdzAZ AF . AU0O2AY NBEiwdekMAoka | 620S

percentage change in Google Trends, the search queries should reflect peoplegseek
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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 betteusgo 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
gAtf 0SS dzyNBAUNXOUGSR ¢ kré&dby tiedrandformhaiion ywitign +! w & 2
applying reduced form to the VAR.

Lastly, we should address that Juselius (2006) argues that when involving a dummy variable

Ay GKS SljdzZ 6A2ya 2F W2KIyaSyaQ O2AyidSaANYGAZ2Y
test statistics is likely to be skewed. On the other hand, when time series contain GARCH

errors, Lee and Tse (199éndKosapattarapinet. Al (2013NB L2 NIia G KF G | LILX & A\

test is preferred to the alternatives.

82W2 KIFyasSyaQ @G FT2NI O2Ay G SaINJ
In the methodology chapter (5.3.1) we derived the reduced form VAR(1) equations which
could be represented by the equation:
w 0 o0w Q (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:

3 3 . 3 . E 3 . o -T (8.2)
| 'SFHFP;Z A T MSHE X S LI

where P = Logarithmic Bitcoin price in terms of dollar and T = Logarithmic values of Google

Trends.Ois an unrestricted dummy variable matrix introduced in section 7.5 the

coefficient matrix and 10andh 2pare constants. The residuals are assdri@be white

noise’ and may be correlated.

57 The residuals are not actual white noise, because of theliear disturbances caused by GAR&Hbrs.
The serial correlation is removed, however, when including specifying the VAR(p) model as VAR(1). For a
discussion on the interference of GAR@irbrs when testing for cointegration, see chaptér
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Using the information criteria for multivariate model selecti&B different lag lengthare
examinedto haveincludedapproximately two months of observed histofAC standard
errors are usedd avoid possiblgpurious estimations caused by heteroskedasticity or wrong

lag determindion relative to the true modelThe results are gathered in table 8.1:

Table 8.1 The different VAR(p) models

VAR(p) 1 2 3 4 5 6 7 ]
AIC -1,3686 -1,9292 -2,0089 -2,1273 -2,1421 -2,1954 -2,1625 -2,2061
5C -1,7578 -1,763 -1,7873 -1,8504 -1,8097 -1,8065 -1,7168 -1,7034
HQ -1,824 -1,8624 -1,9198 -2,0159 -2,0084 -2,039 -1,9832 -2,0038

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 representi®dad lengths. SC selects VAR(4),
AIC selects VAR(8) and HQ selects VAR(6).

FollowingAlain Hecq (1996)the SC should be weightéa presence of GARCH errovehen
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:

Y0 0 0 0

o U . 5 0 o~
vy oL L y Ly y Ly "y Ly "y O 6 (8.3
where the matrixt 3  Ginwhichais the identity matrix.

We further explore the rank of the matrix , 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 thdlte rank of the matrix is one with a 98,9% success rate.

Bitcoin and Google Trends are indeed cointegrated, denoted as CI(1,1).

Table8.2: Johansens trace test statistics

Hy:r= Trace statistic  P-value
0 19,41 [0,011]**
1 0,57 [0,499]

58 These are listed in theppendix.
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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 &@odgnds 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 pralue of one cointegrating vector is238, in which case the two variables
should be modelled using first differences. However, because we follow the suggested
methodology ofAlain Hecq (199&)f weighting the Schwartz criterion, we continue with

assuming the two variables to be CI(1,1).

The ointegrating relationship between Bitcoin and Google Trends that is estimated using
the Johansen method on the forrq p T PY is displayed in table 8.4. The resdire

discussed in section 8.4.

Table8.3: The cointegrating vector

afy’
@y X3 By B
-0,0297 0,0472 1,0000 -1,53216
Standard Dev. 0,0100 0,0292 0,0000 0,1416

Table 8.3: OxMetrics automatically normalizes the cointegrated vector with respekigged Bitcoin
price seeDoornikand Hendry (2013b). The alpha coefficients are referred to as the speed of
adjustment parameters, thatis, the correction toward the leegn equilibrium stated by the beta

coefficients.See section 8.4 for a discussion of the results.

Figure 8.1 The dategrating vector estimated by Johansen method
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Fgure 8.1 The graphed cointegrating vector estimated using the Johansen method. Thought the graph

views many fluctuations, the loagrm relationship between the two variables seem to be stable.

Next, using the functiot a I LJ / +! w U & OXMétrits), theYcieghtihg 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 tiidWidodel. 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 interpretexs a percentage values. The results are

presented in table 8.4.

Table 84: The estimated VECM model

AP, Constant AP 1 AP 2 AP 3 AT 1 AT 2 AT 3 a1 Dummy
Coefficient 0.08424  0.01634  0.03244  0.008958  0.1425*** (.1347*** 0.1006*** -0.0159** 0.108***
HACSE (0.0455)  (0.0554)  (0.0532)  (0.0516)  (0.0241)  (0.024) (0.0246)  (0.00536)  (0.0118)
AT, Constant AP 1 AP 2 AP 3 AT 1 AT 2 AT 3 a1 Dummy
Coefficient  0.1068 0.196* 0.1247 0.0267 0.09254  -0.1243** -0,1897** 0.02533 - 0.1695***
HACSE (0.133) (0.162) (0.155) (0.151) (0.0705)  (0.0702)  (0.0719)  (0.0157)  (0.0345)

Table 84: 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.

8.3.1Namowing down the VECM model

Next, we need to decide the optimal value of p apth equation 8.4 and 8.5:

Yoo | | 60 AR ON]Y » WYY ©O - (8.4)

yY | | 60 AR ONSY o Yy O - (8.5)

Where 6 1 the cointegrating vector estimated by Johansens method. Because the two
eqguations are stationary due to the cointegrating vector as well as the first differences being
1(0), normal inference methods can be applied to the model. Therefore, we comkene th

generalto-specific method with the multivariate information criteria when looking at the

different values of p and g. We keep the threshold value of p and g at 3.
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In all models we estimate, percentage change in Google Trends is statistically sigfoficant
all 3 lags of g. Reducing the Hemngth of Bitcoin return starting with p=3, the information

criteria of the five different models are listed in table 8.5:

Table 8.9nformation criteria values from estimating five different models

Different values of (p,q)

IC (3,3) (3,2) (3,1) (3,0)

AIC -2.1265 -2.1419 -2.1541 -2.1617
5C -1.8780 -1.9210 -1.9608 -1.9959
HQC -2.0266 -2.0531 -2.0763 -2.0950

Table 8.5Using 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 contaigrficant values of the lagged
values of Bitcoin return, each and all information criterion select zero lags of Bitcoin return.
The simulation study oAlain Hecq (1996 which the series exhibit GAR@Hlors to the
error terms proves that using the infmation criteria to decide Granger narausality does
not cause spurious results. The modelection of the multivariate information criteria
indicates that Bitcoin return does not Granger cause percentage change in Google Trends.
This is confirmed by usg a ftest excluding the three lags of Bitcoin retbtnReversely, 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
basisof shocks to Bitcoin return cannot be done, because there are no lagged values of
Bitcoin return. An impulseesponse analysis of both variables is therefore not possible using
the model suggested by the information criteria. Secondly,the®retical modé derived in
chapter 3on investor attractiveness must be revised. Because there is nelfeekl effect

towards media attentionthe fourth period of the model is disregarded.

8.3.2The results
Having decided the lalgngths of our model, we present thesults from estimating

equation 8.6 and 8.7 in table 8.6.

59 With p-value equal to 0,012.
53



Yoo | | 60 O WYY ©O - (8.6)

Y'Y | | 00 » WYY 0O - (8.7)

Tade 8.6 The estimated VECM model

AP, Constant AT 1 AT 2 AT 3 cl_1 Dummy
Coefficient 0.09578 0.1407***  0,1365%**  0.1062%** -0.01726%* 0.1089%**
HACSE (0.0419) (0.0234) (0.0223) (0.0227) (0.00495)  (0.0116)
AT, Constant AT 1 AT 2 AT 3 c_1 Dummy
Coefficient - 0.04931 - 0.0933 - 0.09953 - 0.1492* 0.01344 - 0.162%**
HACSE (0.123) (0.0686) (0.0655) (0.0666) (0.0145) (0.0341)

Table 8.6: The table views the result from estimating the VECM model proposed by eq84dtiband
8.11. Variable_i denotes the i lagged value of the variable. d&hotes significance ata 1% level, **
denotes significance at a 5% level and * denotes significaheel0% 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 theesults

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 regamhtusl

when discussing the results.

54



The shorrun dynamics of the cointegrated system are given by the estimated coefficients
| and| 69 The two estimates reflect transitory adjustments when the loag
equilibrium is distorted by some error. Whit®@mpared to the longerm estimation of beta
in table 8.3i(2=- 1,5216), the reaction towards reconstructing the leilggm equilibrium is
relatively small, and not significant in the second equation. The statistical insignificance of
the| -coefficientdoes in factimply that Bitcoin prices does all the error correction towards
long-term equilibrium. Combining the estimated alphas with the estimated cointegrated 1(1)
system from table 88 we isolate the cointegrating relationship:
Y0 T p R p® &Y 0 ; (8.8)
Y mimp ¢ pR &Y 0 i (8.9)
Assuming the error term$ be white noise, setting the cointegrating vector to zero and

solving for Pyields:

0 PR} &Y Tt (8.10)
0 pR &Y (8.11)

Solving fo is only possible using equation 8.8, becausén equation 8.6 is equal to zero,
implying a long run nowgausality.The interpretation of the cointegrating vector is therefore
that a positive shock to Google Trends gives fuelde@easen contempoaneous demand
for Bitcoin This demand iBypotheticallydriven by investors already established in the
Bitcoin market, reacting to different news coveradde negative longerm relationship is
anunexpectedresut ! YR 0SSOl dza S (KS ctus@B daysSaverdgeNt y S 2 dza Q
through a week, we conclude that the cointegrating relationship does not provide a causal

explanation to the behavior of established Bitcoin investors.

8.42The 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 investioesmarket

realizing high returns.

60 Equation8.6and 8.7, coefficientvalues in tde 8.4
61 Recall thatthe cointegrating vector is stored in the variable ClI
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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 asynetric 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, percentaghange 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 longterm equilibrium between the two variables is relativelyaimand 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 withthe dummy variable

in the VECM model, to interpret the gdiwess of fit for both equationslhe graphs can be

found in figure 8.2 and 8.3 on the next page.

When graphing the fitted values from estimating the VECM m¢iilg! 8.2 and 8.3 is not
hard totell 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 20182016, 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 themrasuggests 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 82: Bitcoin return modelledwith and without the dummy variable

Figure 82: 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 83: Percentage change in Google Trends modelled with and without the dummy

variable

Figure 83: The left gaph 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 repsetienteference

curve forpercentage change in Google Trermssed on actual data.
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