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Abstract

This bachelor thesis analyzes high correlation between the monopolistic
leader of crypto-currency market, Bitcoin, and its followers, so called alt-
coins. The first research question follows the everyday life situation of a
younger brother, trying to imitate, follow, or even outrun his elder. Do al-
ternative crypto-currencies follow the price development of their leader? Our
thesis presents positive answer to this question, as analysis of all altcoins in-
cluded in this paper (Litecoin, Ripple, Peercoin and Dogecoin) proved strong
causality from the Bitcoin’s point of view. Subsequently, we analyzed this
relationship into deeper details for each currency, using vector autoregressive
model and consecutive impulse-response function. In the second part of this
thesis we build on our previous findings with the following research ques-
tion. May the price development of altcoins be effectively predicted, based
on the price development of bitcoin? In this regard, we used static forecast
in combination with Diebold-Mariano test, evaluating forecasting accuracy
of our preceding model, compared to alternative predictions excluding the
bitcoin’s price. This analysis reflected various generally insignificant results
with a few exceptions, indicating predictability potential. Consequently, we
claim that even though we proved significant bitcoin leadership, this effect is

apparently not strong enough for development of profitable trading strategy.
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Abstrakt

Tato bakalaiskd prace analyzuje vysokou korelaci mezi monopolistickym
viidcem trhu kryptomén, Bitcoinem, a jeho nasledovniky, takzvanymi alt-
coiny. Prvni vyzkumna otdzka prameni z bézné situace, kdy mladsi bratr
zkousi napodobovat, nasledovat, pfipadné i pred¢it svého starsiho bratra.
Nasleduji alternativni kryptomeény cenovyj vyvoj jejich vidce? Tato préce
prinasi pozitivni odpovéd na tuto otazku, nebot analyzou vSech altcoinu v
této praci (Litecoin, Ripple, Peercoin a Dogecoin) se podafilo prokazat sil-
nou kauzalitu ze strany Bitcoinu. Nadale jsme analyzovali tento vztah do
podrobnéjsich detailit za pouziti vektorové autoregrese a navazujici impulse-
response funkce. Ve druhé ¢asti této prace navazujeme na naSe piedchozi
zjisténi s nasledujici vyzkumnou otazku. MuiiZe bijt cenovy vyvojs altcoini
efektivné predikovdn na zdkladé cenového vijvoje bitcoinu? V této souvis-
losti pouZijeme statickou predpovéd v kombinaci s Diebold-Mariano testem,
hodnoticim predik¢ni presnost naSeho predchoziho modelu v porovnani s
alternativnimi moznostmi predikce nezahrnujicimi cenovy vyvoj bitcoinu.
Tato analyza vykazala rozlitné obecné nesignifikantni vysledky s nékolika
vyjimkami, poukazujicimi na predik¢ni potencial. Tudiz, pfestoze se nam po-
darilo prokézat significantni vedeni Bitcoinu, tento efekt ziejmé nenf dostatecné

silny pro vyvoj ziskové obchodni strategie.
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1 Introduction

"Bitcoin gold rush is over" (Halleck 2014). Is it?

During less than 3 years, decentralized virtual currency (also referred to as
crypto-currency) bitcoin skyrocketed from $0.30 to $1242 (Washington Post
2015; Rooney 2015). Since that time (November 2013), bitcoin has been
steadily falling to current value of only about $226! (Coinmarketcap.com
2015). This sharp up and down movement is often compared to a modern
gold rush, which appears to be over, as investors are getting bored of crypto-
currencies (Halleck 2014; Schneider 2015; Desjardins 2014). However, is

bitcoin the only one of its kind?

In fact, there are hundreds of other crypto-currencies, alternatives to bit-
coin (often referred to as altcoins), hidden in its shadow, with smaller, but
certainly not negligible impact. Some of them have experienced more or
less the same story as bitcoin, e.g. litecoin, historically the largest alt-
coin as for market capitalization, reaching its maximal volume of more than
one billion USD at the time of bitcoin’s peaking, then steadily falling down
(Coinmarketcap.com 2015). On the other hand, numerous have experienced
kind of a different story. For example, consider ripple, currently becom-
ing the largest altcoin, after doubling its maximal market capitalization one
year after the bitcoin’s peaking, showing that there is still large demand
for crypto-currencies (Coinmarketcap.com 2015). Consequently, despite the
fact that bitcoin gold rush may be over, we could just hardly deduce that

the age of whole crypto-currency market is over.

This assumption leads us to the purpose of the thesis. First of all, we will an-
alyze the current situation of crypto-currency market with focus on the main
altcoins (except for the above mentioned, also peercoin and dogecoin).
The initial motive is that there is still large demand for crypto-currencies,

unsatisfied by the largest, but long-term declining bitcoin, causing investors

'as for 16" April 2015



to incline to alternatives. Because of that, we will focus on dependency of alt-
coins on their market leader, bitcoin. Our main research question follows the
everyday life situation of a younger brother, trying to imitate, follow, or even
outrun his elder. Do alternative crypto-currencies follow the price develop-
ment of their leader? If this hypothesis would prove to be correct, showing
that altcoins really follow the price development of bitcoin (and possibly
with some delay), one could easily exploit this information to make effective
predictions of altcoins’ price, based on price of bitcoin. Consequently, we can
state our second research question. May the price development of altcoins

be effectively predicted, based on the price development of bitcoin?

This bachelor thesis is organized as follows. In the first chapter, we will state
the basic properties of each currency and characterize the corresponding
dataset used for further research. In the second chapter, we will describe
the methodology used in our study. In the third chapter, we will present and
discuss the results of our analysis. In the last chapter, we will summarize

our findings and reach the conclusion.



2 Literature Review

Soar of the crypto-currency market in November 2013 and subsequent plum-
meting during 2014 attracted attention of thousands of websites, journals
and newspapers, causing high alertness of bitcoin even among broad general
public, and raising countless discussions mainly in academic environment
and internet sphere. This price development of bitcoin could be character-
ized mainly by the three most important events of bitcoin history, i.e. FBI
closing the only drug marketplace Silk Road, accepting bitcoin payments,
described by Farrell in 2013, China’s Central Bank banning of bitcoin trans-
actions, discussed by Kelion in 2013, and a scandalous bankruptcy of one of
the largest bitcoin exchange Mt.Gox, delineated by Peston in 2014. Joint
conclusion of those papers, we shall take in note while proceeding with this
thesis, is that those events and corresponding reputation changes played a

significant role in the crypto-currency market development.

Overall quantitative analysis of Bitcoin transaction graph was published
by Ron Dorit and Adi Shamir from The Weizmann Institute of Science in
2013. This paper reflects detailed analysis of full history of transactions,
which are publicly accessible but anonymized. This study also contains list
of information about the typical behavior of users, how they acquire and
spend their bitcoins, the balance of bitcoins they keep in their accounts, and
how they move bitcoins between their various accounts in order to better
protect their privacy. This research brought enormous contribution to the
field of crypto-currency market studies, by providing accurate information
about how bitcoins are used in practice and a large number of statistical
properties of the Bitcoin transaction graph. This paper shall serve us as a

complex study, explaining the nature of Bitcoin system.

Research, quantifying the connection between the change of crypto-currency
market reputation and bitcoin price, was written by Ladislav Kristoufek from

Charles University in 2013. This relationship is analyzed based on search



queries on Google Trends and Wikipedia, which proved to be a valuable
source of information. Paper was based on vector autoregressive approach
applied on the "bitcoin" search queries and price of the currency in first
logarithmic differences. One of the results of this paper is a prove of high
correlation between price of bitcoin and its search queries on both, Google
Trends and Wikipedia. This paper will help us to understand underlying
aspects of bitcoin price development, as well as a pattern of methodology

suitable for application in crypto-currency price development area.

As discussed before, bitcoin grabbed most of the market attention to itself
due to its dominant position. Smaller but still very important altcoins devel-
oped in the shadow of the market leader, mostly avoiding attention of general
public and discussed mainly at specialized web forums. Many of those alter-
native currencies have or had large market capitalization, compete to keep
their position in significantly demanded crypto-currency market, and show
highly volatile price development providing huge trading potential. This
thesis aims to provide description and general overview of current situation
of those currencies, which are only rarely a subject of closer analysis. Most of
the information about the alternative currencies used in thesis will be derived
directly from each currency’s official portal, such as Litecoin.org, Ripple.com
and Dogecoin.com, or from specialized crypto-currency trading portals, such

as Coinmarketcap.com, Coinwarz.com and Cryptocoincharts.info.

The whole market of crypto-currencies including altcoins was precisely de-
scribed by Lawrence White from George Mason University in 2014. White
points out the raise of altcoins against the monopolistic bitcoin, as in ag-
gregate they managed to increase their market capitalization twelve-fold
between March 2013 and December 2014, while bitcoin did just four-fold
in the same period, resulting in fall of its market share from 95% to 84%.
Moreover, White opposes a team of Bank of England economists (Ali et al.
2014), while highlighting the change of position of crypto-currencies as a

commonly accepted medium of exchange. According to White, this change



in status results in suppressed dependency of crypto-currency usage on its
own current price. The research concludes with recommendation to pol-
icy makers, to lower restrictions levied on evolving crypto-currency market,
resulting in decreased economic welfare. This paper shall provide us under-

lying information concerning crypto-currency market as a whole.

The purpose of this thesis is to analyze relationship between bitcoin and
the rest of the market with focus on potential predictability of altcoins price
based on bitcoin. As mentioned before, only a few studies were led in this
direction. The most corresponding paper to the purpose of our thesis was
published by Tyler Miles in 2014 and analyzes correlation between bitcoin
price and price of selected stocks, precious metals and altcoins’ price. Re-
sults of this research show that there is only small correlation of bitcoin with
precious metals. On the other hand, Miles found that there is a mid-high
correlation between bitcoin and selected stock prices, i.e. Google, Amazon
and Facebook. Moreover, research states that there is very high correlation
between bitcoin and selected altcoins - litecoin and darkcoin. As the expla-
nation Miles sees the fact that altcoins can be purchased mainly by using
bitcoins, therefore remain slightly intertwined. This is a very interesting
conclusion for our thesis as high correlation denotes that it is reasonable
to do further research concerning this relationship and analyzing, whether

there is causality from one or other direction.

The contribution of our thesis is to step into inadequately analyzed market
of alternative crypto-currencies. Following the previous findings of high
correlation between monopolistic bitcoin and altcoins, we will investigate
this connection into deeper details, analyze whether there is a causality
from bitcoin’s direction influencing altcoins’ price, and if so, show size of the
response of altcoins to bitcoin’s impulse change. This shall help us to better
understand the whole market situation and to perform and evaluate forecast

of altcoins’ price based on bitcoin’s price development.



3 Currencies Characteristic and Dataset Description

Before proceeding with our analysis of correlation in price development be-
tween selected crypto-currencies with focus on impact of bitcoin’s leadership,
it is necessary to introduce each currency and to understand its underlying
background. In the following subchapters, we will state a basic properties
of all analyzed currencies, including description of their price development,
resulting in better understanding of current crypto-currency market situa-

tion.

Moreover, in the second part of each subchapter, we will briefly discuss range,
quality and statistical properties of datasets used in this thesis. For our anal-
ysis, we will use two separate datasets for each crypto-currency, with data
measured daily and every two hours, respectively. First dataset will help us
to analyze long-term correlation between bitcoin and its followers on daily
basis, without going into closer details. Second dataset will complement the

first one with focus on short-term time period in detail.

Fortunately, it is not difficult to find high quality data for popular bitcoin.
However, it is not that easy for less popular altcoins. Because of that, I would
like express my special thanks to administrators of Coinwarz.com portal for

sharing most of the data that will be used in our further analysis.

3.1 Bitcoin
General Characteristic

Bitcoin (BTC) is an online payment system invented by Satoshi Nakamoto,
who published his invention in 2008, and released it as open-source soft-
ware in 2009 (Davis 2011). This system introduced an innovative concept
of a decentralized, peer-to-peer virtual currency, autonomous from influ-

ence of centralized authority (Piasecki 2012). Even though similar concepts



existed prior bitcoin’s introduction (e.g. OpenCoin, now known as Ripple,
2004 (Deng 2007)), bitcoin was the first decentralized digital currency (Brito
2013). Bitcoin is in long-term the largest crypto-currency in terms of total

market volume (Espinoza 2014).

There are two possible ways how to obtain bitcoin: exchanging or mining.
While exchange for fiat money (i.e. currency with value derived by gov-
ernment regulation or law), products or services is a common thing in a
world of finance, mining is something special. In the mining process, bit-
coins are provided as a reward for payment processing work in which users
offer their computing power to verify and record payments into the public
ledger (Brito 2013). In this way new bitcoins are created and released to the
market. However, amount of this reward is set by formula with no possible
external influence, is sharply decreasing and will become zero in 2140, when
all 21 million bitcoins will be issued (Dorit and Shamir 2012). Consequently,
total supply of bitcoins in circulation is steadily increasing and reached 14

million at the beginning of 2015.

Figure 1: Bitcoin price development
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As we can see from Figure 1, showing development of bitcoin close price,
bitcoin had almost zero value for a long time after its invention, until firstly
crossed the line of 0.1 USD in October 2010 (Coinmarketcap.com 2015).
From that time, bitcoin went through several periods of appreciation and
depreciation (also referred to as bubbles and busts) (Colombo 2013). Dur-
ing 2011, bitcoin rose to $32 just to fall back again to $2. From 2012 to
mid-2013, bitcoin did one more cycle, while rising to $266 in April 2013
and crashing to less than one fifth of this value in next 3 months. Af-
terwards, bitcoin rebounded and reached its all-time peak of $1242 (with
market volume of more than $13.5 billion) on November 29, 2013 (Rooney
2015; Coinmarketcap.com 2015). Since that time, bitcoin has been steadily
falling down to current price slightly above $225% and market volume of $3.5

billion (Coinmarketcap.com 2015).

To make conclusion from what has been written above, we should remember
that bitcoin’s price history consists of series of repeating cycles, resulting in
incredibly large volatility (18 times higher than USD (Williams 2014)). As
we will see on next pages, this feature is common for majority of crypto-

currencies.

3.1.1 Dataset Description

Our first dataset contains 1691 observations with daily measurements of
bitcoin closing price in USD (Coindesk.com 2015). The first observation
was measured on 18" July 2010, the last one on 4" March 2015, and there
are no observations missing in the sample. As this dataset will be included
in each model on daily basis in this thesis, its wide range covering whole
bitcoin price history (and consequently all altcoins price history), combined

with its perfection, are more than welcomed.

The second dataset (let us call it BTC 2h dataset) contains 8176 obser-
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vations of bitcoin price in USD, measured every 2 hours (i.e. each odd
hour)(Coinwarz.com 2015). The first observation was measured on 3" May
2013 17:00, the last one on 15" March 2015 23:00, and once again, there
are no observations missing in the sample. Even though this dataset covers
only shorter time period than daily dataset, the whole important bitcoin
price development has been captured, and consequently whole relevant life
period of all altcoins as well. This dataset will serve as a stepping stone for

all further analysis on 2h basis.

In Table 1 we can find a brief summary of statistical properties of both

datasets.

Table 1: Bitcoin summary statistics

Variable Mean Std. Dev. Min. Max. N
BTC-1d 393.016 278.651 34.5 1,147.246 1,691
BTC-2h 398.548 236.706 64.894 1,229.572 8,176

In the second column of Table 1 we see incredibly large standard deviation,
almost as big as mean value, stated in the first column. This corresponds
to the fast up and down movement and subsequent high volatility of bit-
coin price over time. From maximum and minimum values of our datasets
we see that we managed to capture almost whole lifetime of bitcoin in our
dataset. These two values also represents steepness in bitcoin’s price move-
ment, as the maximal price is more than 30 times higher than the minimal
one. Higher maximum value for 2h dataset corresponds to more precisely
described price development, reaching above daily closing values during the

peak time period.



3.2 Litecoin
General Characteristic

Litecoin (LTC) is another peer-to-peer internet currency based on an open
source protocol with decentralized network without supervision of any cen-
tral authority, released on 7" October 2011 by Charles Lee (Litecoin.org
2015). Litecoin creation and transaction system is strongly inspired by
and technologically nearly identical to Bitcoin. On the other hand, lite-
coin has a few improvements which helped it to gain its popularity, such
as decreased block generation time, increased maximum number of coins,
and different hashing algorithm (Litecoin.org 2015). It is historically the
second largest crypto-currency (as for market capitalization) and the only
altcoin that achieved to pass the limit of $1 billion (Coinmarketcap.com
2015). However, because of its long-term fall, litecoin has been outrun by

ripple and is currently holding the third position.

Figure 2: Litecoin price development
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As Litecoin system is very similar to Bitcoin, it is not a big surprise that we
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can find many common features in its price development, stated in Figure
2, as well. Since its release in October 2011, litecoin had a long period
of having almost zero price, too. Moreover, in October 2013, litecoin also
experienced massive growth which included a 100% leap within 24 hours
(Charlton 2013). Litecoin reached its all time maximum of almost $60 in
28" November 2013, just one day before bitcoin did (Coinmarketcap.com
2015). Since that time, litecoin price is steadily falling, even more rapidly
than bitcoin (litecoin market capitalization currently refers to $52 million,
just about 5% of the maximum, while bitcoin is stabilizing around $3.4

million, which refers to 25% of its maximum capitalization).

3.2.1 Dataset Description

Litecoin daily dataset contains 558 observations with daily measurements of
litecoin closing price in USD (Quandl.com 2015). The first observation was
measured on 3' March 2013, the last one on 11** September 2014, and there
are 6 observations missing in the sample. As all those unavailable measure-
ments are in the early period of low prices and they reflects to just about
1% of a sample, we can assume that they were very likely unmeasured with
no bias and no significant impact on our analysis. Dataset has a sufficient

size and covers whole relevant litecoin’s lifetime.

The second dataset (let us call it LTC 2h dataset) contains 8176 obser-
vations of litecoin price in USD, measured every 2 hours (i.e. each odd
hour) (Coinwarz.com 2015). The first observation was measured on 3™ May
2013 17:00, the last one on 15" March 2015 23:00, and there are no obser-
vations missing in the sample. This dataset covers almost the same time
period as the previous one with much more details, and is therefore more

than sufficient for our analysis.

In Table 2, we can find a brief summary of statistical properties of both

datasets.
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Table 2: Litecoin summary statistics

Variable Mean Std. Dev. Min. Max. N
LTC-1d 8.557 8.003 0.105 41.689 552
LTC-2h 7.734 7.592 1.185 58.961 8,176

In Table 2, we see proportionally very similar numbers to what we saw
in bitcoin case. This corresponds to almost identical price development,

therefore the same conclusion as for Table 1 applies here.

3.3 Ripple

General Characteristic

Ripple (XRP) payment system (firstly implemented already in 2004, re-
named from OpenCoin and change to open source in September 2013 (Bu-
terin 2013)) is very different from our previous two systems, both technolog-
ically and as for its price development. It was designed to suppress Bitcoin’s
reliance on centralized exchanges, use less electricity than Bitcoin, and per-
form transactions much faster than Bitcoin (Peck 2013). To do so, unlike
Bitcoin or Litecoin, Ripple is non-POW (i.e. proof-of-work) system, has no
possibility of mining, can send or automatically exchange any other cur-
rency and fully confirms transaction in a second (Ripple.com 2015). Ripple
could be therefore defined as a payment system, providing an independent
mean of direct exchange of fiat currency (dollars, yens, etc.), crypto-currency
(bitcoin, litecoin, etc.), commodity or any other unit of value. Because of
that, Ripple positions itself more as a complement to, rather than competi-
tor with Bitcoin (Coindesk.com 2015). Today, Ripple is the second largest
crypto-currency by market capitalization, after outrunning Litecoin during

2014 (Cryptocoincharts.info 2015; Coinmarketcap 2015).
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Figure 3: Ripple price development
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From Figure 3 we see that ripple price development is not so similar to bit-
coin, as in case of litecoin, although, there are a few similarities, such as high
volatility, fast rocketing and then slow falling down after a crash of specula-
tive bubble. As ripple prices are very low, because of 100 billion premined
coins, we will state them in USD cents (i.e. multiplied by 100). There were
three major booms in the history of ripple. Starting at less than 0.04 cents
in March 2013, ripple managed to reach values of 1.9 cents at the beginning
of June 2013 (Ripplecharts.com 2015). Afterwards, ripple dropped back to
0.26 cents just to follow the cryptocurrency market boom in November 2013,
reaching its all time maximum of 6 cents per ripple on 4" December 2013
(not more than a week after bitcoin’s peak)(Ripplecharts.com 2015). How-
ever, this is not the end of the story, yet, as in the previous cases. After rapid
fall back to 0.28 cents in July 2014, ripple, unlike bitcoin and litecoin, man-
aged to grow back to 2.5 cents at the end of December 2014, while reaching
its market capitalization maximum (thanks to more ripples in circulation)
to $853 million (Coinmarketcap 2015). That is almost 9 times more than
litecoin at that time and almost doubled capitalization compared to its own

in November 2013 peak value. Since that time, ripple is steadily falling with
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the market, while still holding position of number one altcoin.

3.3.1 Dataset Description

Our daily dataset for ripple contains 721 observations with daily measure-
ments of ripple closing price in USD (Ripplecharts.com 2015). The first
observation was measured on 14" March 2013, the last one on 4" March
2015, and there are no observations missing in the sample. Dataset covers

almost two years period and also a whole relevant ripple’s price history.

The second dataset (let us call it XRP 2h dataset) contains 7914 obser-
vations of ripple price in USD, measured every 2 hours (i.e. each odd
hour) (Ripplecharts.com 2015). The first observation was measured on 3™
May 2013 17:00, the last one on 15" March 2015 13:00. Unfortunately, there
are 254 observations missing in the sample. This inaccuracy was caused
by occasionally slightly different time periods between two measurements at
source dataset and consecutive transformation and pairing. However, as this
process is obviously unbiased and missing observations reflects to just about
3%, this should not have any significant impact on our analysis. Dataset

covers whole relevant period of ripple’s lifetime.

In Table 3, we can find a brief summary of statistical properties of both

datasets.

Table 3: Ripple summary statistics

Variable Mean Std. Dev. Min. Max. N
XRP-1d 0.0108 0.0081 0.00036 0.06 721
XRP-2h 0.0116 0.0081 0.0025 0.0659 7,914

Numbers in Table 3 are once again proportionally similar to those, stated
in bitcoin and litecoin cases. Much lower, almost zero values, correspond to

huge number of ripples in circulation. Besides proportionally slightly lower,
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but still very large standard deviation, same conclusion as in Table 1 can be

applied here.

3.4 Peercoin

General Characteristic

Peercoin (PPC) is peer-to-peer crypto-currency, based on paper of Scott
Nadal and Sunny King from August 2012, strongly inspired by Bitcoin (Pop-
per 2013; King 2012). Unlike Bitcoin, Peercoin was first to implement com-
bination of POW and POS (i.e. proof-of-stake) for network securing (King
2012). Moreover, it does not have a hard limit on maximal supply of coins
in circulation, but is designed to attain an annual inflation rate of 1%. This
feature, along with increased energy efficiency, aims to allow for greater
long-term scalability (Vega 2014). Peercoin is historically the third largest
minable crypto-currency (after bitcoin and litecoin) as for market capital-

ization (Coinmarketcap.com 2015).

Figure 4: Peercoin price development
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From Figure 4, we see that Peercoin price development was somehow differ-
ent from the previous ones. It stayed at almost zero value (below $0.5) until
7t November 2013 just to sharply jump up with all other crypto-currencies
to its maximum of $8.75 on 30" November 2013 (one day after bitcoin).
Unlike litecoin but similarly to ripple, peercoin subsequently performed one
more cycle. After falling to less than $2 in mid-December, peercoin man-
aged to come back once again, reaching $7.55 on 2"¢ January 2014 and
consequently maximal market capitalization of $157.3 million (Coinmarket-
cap.com 2015). Later, after holding above $5 till mid-February, peercoin

slowly vanished to minimal value.

3.4.1 Dataset Description

Our daily dataset for peercoin contains 606 observations with daily mea-
surements of peercoin closing price in USD, extracted from the following 2h
dataset (Coinwarz.com 2015). The first observation was measured on 3™
May 2013, the last one on 30" December 2014. There are no missing obser-
vations in the sample. Dataset has a sufficient size as it contains over 600

values and covers almost whole peercoin’s life period.

The second dataset (let us call it PPC 2h dataset) contains 7276 obser-
vations of peercoin price in USD, measured every 2 hours (i.e. each odd
hour)(Coinwarz.com 2015). The first observation was measured on 3" May
2013 17:00, the last one on 30" December 2014 23:00. Fortunately, there
are no missing observations in the sample and the dataset has more than a

sufficient size for our analysis.

In Table 4, we can find a brief summary of statistical properties of both

datasets.

16



Table 4: Peercoin summary statistics

Variable Mean Std. Dev. Min. Max. N
PPC-1d 1.586 1.694 0.109  7.547 606
PPC-2h 1.531 1.619 0.084 8.755 17,276

From Table 4 we can conclude that high standard deviation is also an issue
for peercoin, as it is for the first time even larger than its mean value. This
high volatility corresponds to even steeper growth during reference period,

containing 100 times higher maximal price that the minimal one.

3.5 Dogecoin
General Characteristic

Dogecoin (DOGE) is a crypto-currency based on Litecoin, introduced by
Billy Markus on 8 December 2013 (i.e. more than a week after bitcoin’s
peaking)(Dogecoin.com 2015). Even though it was initially meant as a "joke
currency", featuring popular Shina Inu dog in its logo, and unlike Litecoin,
having randomized reward for mining, Dogecoin quickly developed its own

community (Dogecoin.com 2015).
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Figure 5: Dogecoin price development
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From Figure 5 we can see that dogecoin price development is slightly scaled
compared to the previous ones. Three weeks after bitcoin’s peaking, on
19'" December 2013, Dogecoin jumped nearly by 300 percent in its value
in 72 hours, rising from 0.026 cents to 0.095 cents® (Couts 2013). Doge-
coin rose steadily until mid-February, while on 21% January 2014 reached
its peak price of almost 0.21 cents and on 12 February 2014 maximal mar-
ket capitalization of about $87.5 million (Coinmarketcap.com 2015). Since
that time, dogecoin is steadily losing its value with only one minor recovery

attempt in September 2014.

3.5.1 Dataset Description

The last daily dataset for dogecoin contains 374 observations with daily
measurements of dogecoin closing price in USD, extracted from the following
2h dataset (Coinwarz.com 2015). The first observation was measured on 18"

December 2013, the last one on 30*® December 2014. There are no missing

3values are transferred to USD cents for better clarity
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observations in the sample. Dataset is not as large as previous ones and
covers only slightly more than one year period, however, this corresponds to
short lifetime of dogecoin, which is whole covered in this dataset. Moreover,

more than 350 observations are definitely sufficient for our analysis.

The very last dataset (let us call it DOGE 2h dataset) contains 4526 ob-
servations of dogecoin price in USD measured every 2 hours (i.e. each odd
hour)(Coinwarz.com 2015). The first observation was measured on 18" De-
cember 2013 21:00, the last one on 30" December 2014 23:00. There are
no missing observations in the sample and also the sufficiency assumption

holds as this dataset covers the same period as the previous dataset.

In Table 5 we can find a brief summary of statistical properties of both

datasets.

Table 5: Dogecoin summary statistics

Variable Mean Std. Dev. Min. Max. N
DOGE-1d 0.00045 0.00037 0.00011 0.0018 374
DOGE-2h 0.00046 0.00037 0.0001  0.0021 4,526

As the numbers in Table 5 are once again proportionally very similar to
previous cases, the same conclusion applies here. Note that almost zero

values correspond to a huge number of dogecoins in circulation.

3.6 Summary and current market situation

To make conclusion out of this chapter, we can see that all crypto-currencies
are very similar one to each other, both technologically and as to their price
development. Bitcoin was the first one to become popular and gave inspi-
ration to many others who came with slightly improved currencies. Even
though they achieved to follow up the movement of Bitcoin (and the whole

market) and to multiply their values from zero to incredibly huge amounts,
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none of them managed neither to outrun, replace or even get close to the

leader of the market, nor to stabilize at certain value.

To summarize numbers that has been written above and to better under-
stand current situation at the crypto-currency market, we state Table 6

containing the most important historical and current data for each currency.

Table 6: Historical and current data summary

Currency Max. price Max. market cap. Current price? Current market cap.*

USD Mio. USD USD Mio. USD
BTC 1242 13500 225.6 3171.3
LTC 60 1029 14 53.5
XRP 0.06 853 0.00797 254.4
PPC 8.75 157 0.243 5.4
DOGE 0.00206 87 0.000106 10.5

From Table 6, we can conclude that even though price development of all pre-
viously mentioned crypto-currencies were proportionally more or less similar,
there are huge size differences between each other. Even though maximal
market capitalization of altcoins reached high values around 1 billion USD
in litecoin and ripple case, even their sum is more than 7 times lower than
market capitalization of dominant bitcoin. From the table we can also see
size of current loss of market capitalization of all crypto-currencies. While
ripple and bitcoin shows the highest persistence, Peercoin and Dogecoin are

slowly vanishing.

“as for 16*® April 2015
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4 Methodology

In the following chapter, we will state methodology used in this paper,
starting from discussion about fulfillment of underlying Gauss-Markov as-
sumptions, proceeding through definition of Finite distributed lag model and
Vector autoregressive model, then describe related analytical tools such as
Granger causality test and Impulse-response function, to finally elucidate

combination of static forecasting and Diebold-Mariano test.

4.1 Gauss-Markov Assumptions

We want all our models to satisfy Gauss-Markov theorem and therefore our
estimators to be BLUE. To do so, we need to check five underlying assump-
tions before starting any further analysis, i.e. linearity in parameters, no
perfect collinearity, zero conditional mean, homoskedasticity and no serial
correlation (Wooldridge 2009). We will focus on the last three assumptions
as linearity in parameters and no perfect collinearity assumptions are obvi-

ously satisfied in our case.

TS.3 Zero Conditional Mean
"For each t, the expected value of the error uy, given the explanatory variables

for all time periods, is zero."(Wooldridge 2009, p. 347)

We can rephrase this assumption as “No important variables are omitted
in the model®. To satisfy this assumption we have to think about other
factors which might be having impact on altcoins price changes (our de-
pendent variable) except for bitcoin’s price change. The first idea could
be previous lagged price changes of altcoin itself. As we will soon find
out, this intuition is correct, and therefore we will include those lags in our
models. Another idea might be to include general macroeconomical fac-
tors, such as change in worldwide GDP or disposable income, or to include

price development of alternative investments, such as change in stock prices,
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prices of precious metals, or exchange rates of fiat currencies - alternatives
to crypto-currencies. However, according to previous research in this area
(Miles 2014), daily changes in those variables have negligible impact com-
pared to bitcoin-altcoin correlation - a key focus of this paper. Therefore, to
avoid unnecessary complexity, we will not include any of those little signifi-
cant factors in our models. Thinking about other factors influencing current
price of altcoins, we might come with probably the most important one:
something like “reputation change” or “crypto-currency market popularity”,
i.e. factors which are the main movers of the whole crypto-currency market.
Following the same reasoning as in the previous case, we will not include
this factor in our analysis either, nevertheless, we will discuss this step in

the latest chapter as a possibility for further improvement.

TS.4 Homoskedasticity
"Conditional on X, the variance of w, is the same for all t."(Wooldridge

2009, p. 349)

In other words, we need to test, whether our model contains heteroskedas-
ticity or not. From what was stated in the previous chapter, we may al-
ready suppose that this could be an issue of our datasets. After perform-
ing Breusch-Pagan test, we got p-value of zero for at least four decimal
places, meaning that we must reject the null hypothesis of homoskedasticity
(Breusch and Pagan 1979). Consequently, we will run all our models with

robust standard errors.

TS.5 No Serial Correlation
"Conditional on X, the errors in two different time periods are uncorre-

lated. "(Wooldridge 2009, p. 349)

While testing for autocorrelation, one must regress lagged residuals as an
explanatory variable on residuals, saved from the corresponding model. If
we are not sure if there is an endogenous variable in our original model, we

can put all suspicious variables into this regression as well. Fortunately, the
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coefficient for lagged residuals is insignificant in both cases, therefore we can

assume no presence of serial correlation in our models.

Now, when we checked for all Gauss-Markov assumptions, we are ready to

proceed to models used in our analysis.

4.2 Finite Distributed Lag Model

In Finite distributed lag (FDL) model, we allow one or more variables to
affect dependent variable with a lag (Wooldridge 2009). The general FDL

model then looks as follows:

+86z +6.z2
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Coeflicient d refers to the immediate change in y due to the one-unit increase
in z at time t. This coefficient is also usually called the impact propensity or
short-run elasticity in case of logarithmic forms. Sum of all coefficients
do to 0, is called the long-run propensity, or long-run elasticity in case
of logarithmic forms (Wooldridge 2009). The FDL model expresses exactly
what we want to analyze - regression with two variables and their lags, useful
for examination of significance of lagged coefficients and long-run elasticity.
Consequently, we will use it as our first predictability model. On the other
hand, as this model is too simple, its contribution will be mainly to help us
understand the analyzed relationship in general and to serve as a stepping
stone for further analysis. The key focus of our analysis concerning FDL
model will be F-test for joint significance of ¢ coefficients corresponding to

coefficients of bitcoin lags.

Before proceeding with this model, we have to solve several issues. First one
is an adjustment of our variables to express what we want to analyze and to
minimize imperfections. To do so, we shall adjust both our price variables

to logarithmic forms, to make them express price elasticity rather than
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absolute value change, which exactly corresponds to the goal of our analysis.

Next step is to test for a random walk, which is a common problem of
very similar stock market price data. To do so, one can generate first lag of
both our variables, logLTC,_,% and logBTC,_1, and regress it back on original
variables (Wooldridge 2009). Unfortunately, in both cases, 95% confidence
interval includes 1, resulting in failure to reject presence of random walk in
our data. To solve this issue, we have to transform our variables into the

first difference forms or so called delta forms.

Alog(LTCt) = log(LTCy) — log(LTC—1)®
Alog(BTCt) = log(BTC}) — log(BTCy—1)

By performing this transformation, we not only achieved to correct our data
from random walk, but also suppressed the effect of potential unobserved
time trend, which could otherwise result in spurious regression problem

(Wooldridge 2009).

Last issue is to decide how many lags we shall use in our model. There
are several methods how to determine what is the optimal number of lags
included in the model, which we will discuss later. Nevertheless, as this
model serves only as the first step of our analysis and also because of strong
insignificance of further lags, we will limit ourselves only to 3 lags for both
datasets (meaning 3 days in daily set and 6 hours in 2h set) and both vari-

ables, bitcoin and altcoin itself.

4.3 Vector Autoregressive Model

Even though FDL model is a sufficient tool for getting situation overview,
we will need more advanced model for analysis of causality and more sophis-
ticated predictability. This leads us to vector autoregressive (VAR) model,

which allows to model several series in terms of their own past. If we have

Ssimilarly for all other altcoins
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two series, y; and z;, a vector autoregression consists of two equations in the

following form (Wooldridge 2009):

)vr = 5() E al)"r—l + ylzr—l E 0[2}',72 + ’ylzr—z ..

Z’r = nl) + Bl}'r—l + plzr—l + Bl}vr—j + pzzr—z ..

In our case, we are more interested in forecasting only one variable - altcoin
price change, therefore we will focus ourselves mainly on the one correspond-
ing side of the model. Unlike FDL model, VAR model does not include
impact propensity and focuses on modeling dependent variables based only
on the lags of both variables. This exactly matches to the goal of this thesis
as the immediate effect of impact propensity may just hardly be used for

making predictions.

Key issue is once again how many lags we shall include in this model. For
VAR model, the easiest way is to perform Lag-order selection statistics. We
intuitively limited the maximal lag order of this test to be 7 for daily data
(i.e. one week) and 6 for 2h data (i.e. half a day) as further lags would not
qualitatively improve the results of our analysis, but only fuzzy preceding
relevant results. Afterwards, Lag-order selection statistic shows that the
maximal number of lags is optimal for our model. Consequently, we will use
7 lags for all VAR models based on daily datasets and 6 lags for every VAR
model based on 2h dataset.

4.4 Granger Causality Test

Building on results from VAR models, we will proceed with related Granger
causality test. This test directly follows the results of corresponding VAR
model and represents the main advantage of VAR model compared to pre-

ceding FDL.

The Granger causality test is a statistical hypothesis test for determining
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whether one time series is useful in forecasting another, first proposed in 1969
(Granger 1969). Granger causality test directly follows the VAR model and
expresses p-values for both equations of the model, under the null hypothesis
of no Granger causality (Wooldridge 2009). If we achieve to reject this
hypothesis, we can claim that there is a causality between analyzed variables

in direction corresponding to the particular side of VAR model.

4.5 Impulse-Response Function

Thanks to Granger causality test, we may examine whether there is causality
present in our model or not. However, it does not help us to determine any
other properties of this effect, such as its size distributed over time. We
would like to know the response of one variable (i.e. altcoin) to an impulse
change in another variable (i.e. bitcoin). This is exactly what impulse-
response (IR) function represents (Liitkepohl 2005). As in the previous
case of Granger causality test, this function directly follows the results of
preceding VAR model and graphically explains the time distribution and

size of relationship analyzed in previous models.

The function itself has really straightforward meaning, however, its inter-
pretation may be troublesome. On X-axis, we can find number of steps (i.e.
measurement periods - 1d or 2h) passed from the one unit change in impulse
variable, while on y-axis, we see the value of response of the other variable,
corresponding to the given one unit impulse change. Function itself there-
fore shows how price of altcoin should change over time given that otherwise
stable bitcoin changed by "one unit" at step 0. Here comes a catch in def-
inition of "one unit". To avoid mismatch of different variances of specific
currencies, one shall use IR function with variables in standardized form,
i.e. deduct mean value and divide this number by standard deviation. Used
in this form, we will get the response results of IR function measured in
proportion of standard deviation change in response variable, corresponding

to change by one standard deviation in impulse variable.
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4.6 Diebold-Mariano Test

Preceding figures shall help us to understand the relationship between bit-
coin and altcoins and to answer our first research question. Now, we shall
proceed to the second research question and analyze possible predictability
of altcoin price change based on bitcoin price change. To do so, we will
create a static forecast based on our VAR model and compare its accuracy

with two sample alternative predictions via Diebold-Mariano test.

To perform static forecast, we will lower the number of observations by 100
in daily datasets and by 1000 in 2h datasets and re-estimate all our VAR
models, while using only the limited sample. After that we will forecast the
next value based on the corresponding limited model and repeat this process
100 times on daily basis or 1000 times on 2h basis, to fill our original sample
size with one step ahead forecasts. The main advantage of using static
forecasting is its usage of actual rather than forecasted values for making
the next prediction, resulting in more adaptive forecast rather than rapidly

averaging dynamic forecast (Klose, Pircher and Sharma 2004).

To evaluate our forecast, we will not only compare our predicted values to
the real ones, but also to two sample alternative predictions. To answer
our research question i.e. to analyze whether the effect of bitcoin could be
leveraged for making effective predictions, we will create exactly the same
forecast, while using VAR models containing only altcoin lags, but excluding
effect of bitcoin. As the second alternative prediction, we will use a simple
constant prediction of zero price change in any time, serving as an underlying

aspect for evaluation of quality of both alternative VAR models.

For comparison of multiple forecasts accuracy, Diebold-Mariano test proved
to be very useful (Diebold 2012). This test retrieves the Diebold-Mariano
statistics for testing the null hypothesis of equal forecast accuracy in the

following form (Diebold and Mariano 1994):
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where d is the sample mean loss differential and £,(0) is a consistent estimate

of the spectral density of the loss differential at frequency zero.®

Sign of this statistics reflects which of the two compared models performed
better in forecasting, being negative in case of the first model supremacy
and positive in the other case. Corresponding p-value indicates, whether
the difference between compared models forecast accuracy is significant or
not. Rejection of the null hypothesis therefore results in significantly better
forecast accuracy of the model, indicated by sing of the test statistics. As
this model compares forecasting accuracy of two models only, we will have
to perform it three times for each pair of alternative predictions and then

summarize the results, to see, which model performed the best forecasts.

bfull details of this statistics may be found in the original paper (Diebold and Mariano 1994)
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5 Discussion of Results

In the following chapter, we will discuss the results of previously described
methodology, applied to the 4 selected altcoins (litecoin, ripple, peercoin,
dogecoin), used as a dependent/response variable, and bitcoin, used as an
explanatory/impulse variable. For each currency, both daily and 2h datasets

results will be analyzed.

5.1 Litecoin

In Table 7, we can see the results of a FDL model for litecoin daily and 2h

dataset, respectively.

Table 7: Litecoin FDL

dlogLTC  dlogLTC

(1 day) (2 hours)

dlogBTC 1.080***  1.017***
(9.80) (40.68)
dlogBTClagl  -0.0937  0.0382
(-0.89) (0.68)
dlogBTClag2  -0.184 0.200
(-1.38) (1.50)

dlogBTClag3 0.113 0.0880
(1.12) (1.66)
dlogLTClagl 0.190 -0.0520
(1.95) (-0.96)
dlogL T Clag2 0.0600 -0.183
(0.79) (-1.45)
dlogL.TClag3 -0.102 -0.0672
(-1.68) (-1.33)
_cons 0.00114  -0.000245

(0.33) (-0.94)

* p<0.05, " p<0.01, ™ p < 0.001
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We will analyze the 7 coefficients included in this model, i.e. bitcoin impact
propensity, and 3 lags for both, bitcoin and litecoin. Fach subsequent lag
represents 1 day delay in the left column and 2 hours delay in right column.
Except for the value of corresponding coefficients, t-statistics are shown in
brackets below for each variable. Moreover, stars by the coefficient reflect
significance of the coefficient at specific significance levels, explained below

the table.

As stated before, our variables are in delta-log forms, therefore their co-
efficients can be explained as price change elasticity. The first coefficient
therefore represents short-run elasticity. We can see that this coefficient for
both datasets is higher than 1, meaning that there is even slightly higher
short-run elasticity than 100% between immediate price change of bitcoin
and litecoin. Moreover, this coefficient is strongly significant even at 0.1%
significance level. Therefore, ceteris paribus, we can conclude that there is a
very strong correlation between immediate bitcoin price change and litecoin
price change. This result is very intuitive and corresponds to our previ-
ous assumption of high correlation, however, this is not so much interesting
for our analysis, as immediate impact could hardly be leveraged to make

effective predictions.

We can see that none of the lagged coefficient are significant at 5% level.
However, interpretation of each coefficient just by itself may be very mislead-
ing. We are much more interested in their joint significance and summary
impact, i.e. long-run elasticity. To analyze joint significance, we run F-test
for three lags of bitcoin. Its results are shown in Table 8. As long-run
elasticity would be much better explained by IR function, we will leave its

interpretation for later time.
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Table &: Litecoin F-test

dlogL.TC dlogL.TC

(1 day) (2 hours)
F (3, 532) 1.08 F (3, 8164) 1.33
Prob >F 0.3568 Prob >F 0.2627

Unfortunately, from the results of F-test we see that p-values for both
datasets are above 25%, meaning that effect of bitcoin lagged price changes
is jointly very insignificant in determination of litecoin price change. Nev-
ertheless, there is no reason for giving up with our analysis, but just for
proceeding with much more powerful tool for causality detection - VAR

model and related Granger causality test an IR function.

As discussed before, advantage of VAR model is that, unlike FDL model,
it does not include impact propensity, which is out of our interest in our
research, but only lagged price changes of both variables. Moreover, this
model approaches to the result from both sides and uses lags of both variables
for estimating not only litecoin, but also bitcoin price change. This both
sided approach is much more useful for causality analysis. As discussed in
previous chapter, we will also increase number of lags included in this model.
In Table 9, we state the results of VAR model only for the litecoin side of
the model, nevertheless, detailed results of both regressions are attached in

appendix.

Table 9: Litecoin VAR

dlogLTC  dlogLTC

(1 day) (2 hours)

L1.dlogBTC 0.0794 -0.0735**
(0.86) (-3.22)

L2.dlogBTC -0.274** 0.152***

(-2.94) (6.62)
L3.dlogBTC  0.0384 0.0300
(0.41) (1.30)
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L4.dlogBTC

L5.dlogBTC

L6.dlogBTC

L7.dlogBTC

L1.dlogLTC

L2.dlogLTC

L3.dlogLTC

L4.dlogLTC

L5.dlogLTC

L6.dlogLTC

L7.dlogLTC

_cons

0.187*
(2.00)
0.103
(1.09)
0.145
(1.55)

0.0510
(0.56)
0.0645
(1.16)
0.164**
(2.91)
-0.112*
(-1.98)
-0.0605
(-1.06)
0.113*
(2.00)
0.0163
(0.29)
-0.00641
(-0.12)

0.00261

(0.56)

0.0694"*
(3.01)
0.0199
(0.87)

-0.0323
(-1.41)

-0.0531%*
(-3.66)
-0.225%**
(-15.54)
-0.0616***
(-4.17)
-0.0685***
(-4.64)
-0.0204
(-1.40)
0.0328"
(2.26)

-0.0000908
(-0.26)

* p<0.05, ** p<0.01, *** p < 0.001
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At first sight, we see that we get much more interesting results with several
significant coefficients, especially for 2h dataset, analyzing the first 12 hours
of price changes. Once again, we shall not focus on interpretation of coeffi-
cients one by one, but more importantly on their joint significance. To do so,

we shall proceed to Granger causality test and IR function interpretation.

Results of Granger causality test are included in Tables 10 and 11, for daily
and 2h dataset, respectively. The second row of each table is the one, cor-

responding to the litecoin side of foregoing VAR model from Table 9. The



first row corresponds to the second side of regression in VAR model, which is
explaining bitcoin price change by lags of both currencies. Our key focus is
the p-value in each row, related to null hypothesis of no causality. Note that
both p-values (and even all p-values at follow-up models) are very low, par-
ticularly because of high number of lags included in VAR model with high
explanation power. This shows that even higher number of lags included in
the model could distort the results in a way that anything could be proven.
As a result, we will focus ourselves more on 0.1% significance level than on

other, less strict levels.

Table 10: Litecoin Granger causality test - 1 day

Equation Excluded  chi2 df Prob >chi2
dlogBTC dlogLTC 27874 7 0.000
dlogLTC dlogBTC 18882 7 0.009

From Table 10 we see that p-value in the second row, corresponding to
litecoin side of the model, is 0.009, meaning that we can reject the null
hypothesis of no causality at 1% significance level, however, we cannot at
0.1% level. On the other hand, causality from the other side has a p-value
of 0 for at least 3 decimal places, meaning we can reject the null hypothesis
even at 0.1% significance level. This is not what we would like to show, as
the consequence is even stronger prove of causality from litecoin to bitcoin,
rather than the other way around. This could be probably caused mainly
by very strong correlation of bitcoin and its long time main follower litecoin,
resulting in deep co-development more than a causality in any direction,

screwed by not very detailed daily data changes.

Table 11: Litecoin Granger causality test - 2 hours

Equation Excluded  chi2  df Prob >chi2
dlogBTC dlogLTC 15.387 6 0.017
dlogLTC dlogBTC 69.426 6 0.000
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We get much more intuitive results from Table 11, corresponding to more
detailed 2h data. P-value of 0 for at least free decimal places in the sec-
ond row means that we can reject null hypothesis of no causality at 0.1%
significance level. However, in the first row, we get much larger p-value of
0.017, meaning we cannot reject the null hypothesis even at 1% significance
level. Consequently, we see there is a very strong guidance from bitcoin side,
which exactly corresponds to the main research question of this thesis. On
the other hand, we have to be careful about less weaker, but just slightly in-
significant causality from the litecoin side, which combined with the results
from daily dataset, corresponds to strong correlation between bitcoin and
litecoin, rather than causality from one side, and therefore lowers probability

of potential usage of bitcoin’s guidance for making predictions in this case.

Positive results from Granger causality test show us that it is reasonable to
analyze effect of bitcoin, as an impulse variable, on litecoin, as a response
variable. The direction, size and development of this effect are shown as IR
functions in Figures 6 and 7, for both datasets, daily and 2h, respectively.
The grey area around the curve represents 95% confidence interval, useful for
making conclusions about its significance. When interpreting results of IR
function, we shall remember that we are using variables in their standardized

forms.
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Figure 6: Litecoin IRF - 1 day
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Shape of IR function for daily dataset is corresponding to an overview we
got from the first, FDL model. Curve starts at more than 0.5, meaning
there is more than 50% immediate litecoin response, measured in standard
deviation, corresponding to impulse change by one standard deviation in
bitcoin price. Afterwards, function steeply falls down to slightly, but not
significantly, more than zero at first lag, corresponding to one day delay.
The function, representing the long-run elasticity, then settles around zero,
except for a significantly positive value between the fifth and sixth day. This
shift reaches about 10% positive response in this period, indicating possible
predictability potential, however, one shall be careful while making decisions

based on 5-6 days old data.
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Figure 7: Litecoin IRF - 2 hours

orderl, sdlogBTC, sdlogLTC

step

95% ClI

orthogonalized irf

Graphs by irfname, impulse variable, and response variable

In the second chart, we see the similar development, containing sharp fall
from over 60% and consecutive settlement around zero. The one important
difference is a significant fall below zero, showing there is significantly neg-
ative response in litecoin price 2 hours after the impulse change in bitcoin.

What may be a reason for such a response will be discussed in later chapters.

This is the end of analysis corresponding to the first research question. As we
proved that there is a strong causality from bitcoin side at least on 2h basis
and analyzed size of this relationship through IR function, we may proceed to
further evaluation of forecasting accuracy of our corresponding VAR models.
In Table 12, we can find results of Diebold-Mariano test based on daily
litecoin dataset. As mentioned in previous chapter, we made 3 pairs out of 3
alternative forecasts - based on our VAR model including both bitcoin and
altcoin lags (inclusive), based on similar VAR model excluding bitcoin’s
impact (exclusive) and a stable prediction of zero change in litecoin price

(zero). All daily forecasts contain 100 predicted steps.
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Table 12: Litecoin Diebold-Mariano test - 1 day

Forecast 1 Forecast 2 Statistics Better P-value

inclusive Zero 0.8943 zZero 0.3711
inclusive exclusive 2.041 exclusive 0.0412
exclusive zZero -0.7856 exclusive 0.4321

From the first row of Table 12, we can conclude that prediction of zero
price change performed better than our model in forecasting last 100 values.
However, p-value above 35% reflects insignificancy of this comparison and
fail of rejection of the null hypothesis of equal accuracy at 5% significance
level. From the second row of Table 12 we see that even the alternative
model excluding effect of bitcoin performed better than our model, moreover,
significantly at 5% significance level. Last row of Table 12 is resulting in
insignificant superiority of the alternative VAR model, compared to zero

change prediction.

To sum up the results of Diebold-Mariano test for daily forecast of litecoin
price change, we state a summary ranking of our 3 alternative predictions in
Table 13. In brackets behind predictions, we put a mark in case of insignif-

icant superiority compared to the following alternative prediction.

Table 13: Litecoin forecast accuracy ranking - 1 day

1. exclusive (insign.)
2. zero (insign.)

3. inclusive

In Table 14, we can find results of Diebold-Mariano test, this time based on

2h litecoin dataset. All 2h forecasts contain 1000 predicted steps.
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Table 14: Litecoin Diebold-Mariano test - 2 hours

Forecast 1 Forecast 2 Statistics Better P-value

inclusive Zero 1.016 Zero 0.3095
inclusive exclusive 0.2562 exclusive 0.7978
exclusive 7Zero 1.187 Zero 0.2353

From the first comparison, we see that zero once again performed insignifi-
cantly better than our model. Also alternative VAR model performed better
than ours again, but this time not significantly. Unlike in previous case,
zero performed better than alternative VAR model, but even this result is

insignificant at 5% level. Ranking for the 2h dataset follows in Table 15:

Table 15: Litecoin forecast accuracy ranking - 2 hours

1. zero (insign.)
2. exclusive (insign.)

3. inclusive

From Tables 13 and 15 we can conclude that our model is not very efficient
in forecasting litecoin price change, either with daily or 2h data. However,
we shall note that 5 out of 6 D-M test results were insignificant, causing
failure in rejection of the null hypothesis of equal accuracy. Therefore, we

can conclude there is almost no difference between particular predictions.

To make overall conclusion of litecoin analysis, we can see that litecoin and
bitcoin are strongly positively correlated, particularly because of litecoin’s
long-term position of number one altcoin and main bitcoin’s follower with
very similar features. Even though we proved a strong causality from bitcoin
side on 2h basis, and also almost perfect elasticity in immediate price change,
size of this effect is large only at a time lower than 2 hours, then sharply

settling around zero, threatening potential of predictability. This intuition
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proved to be correct, as our model performed worse than the two prediction
alternatives, even though the difference was generally very insignificant. This
corresponds to our previous hypothesis of immediate co-development, rather
than lagged guidance, which would eliminate potential for predictability

based on bitcoin price change.

5.2 Ripple

In Table 16, we can see the results of a FDL model for ripple daily and 2h

dataset, respectively.

Table 16: Ripple FDL

dlogXRP  dlogXRP
(1 day) (2 hours)

dlogBTC 0.327°*  0.0261
(3.51) (1.38)

dlogBTClagl ~ -0.178*  -0.00918
(-2.10) (-0.54)

dlogBTClag2  -0.110  -0.000938
(-1.24) (-0.05)
dlogBTClag3  -0.0776  0.0495"*

(-0.81) (2.58)
dlogXRPlagl 0.0592 0.0264
(0.89) (0.73)
dlogXRPlag2  0.00444 -0.0148
(0.09) (-0.50)
dlogXRPlag3  -0.0457 0.00380
(-1.08) (0.12)
_cons 0.00342  -0.0000512
(0.92) (-0.18)

*p<0.05, " p<0.01, " p < 0.001

The results of FDL model for ripple are very different from those we saw for

litecoin. Short-run elasticity has much lower impact than it had for litecoin,
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reaching only slightly more than 30% for daily data and only 2% (compared
to more than 100% in previous case) with no significance for 2h dataset. This
is a shocking change, pointing out lower immediate correlation of ripple and
bitcoin, possibly because of much lower technological similarity and overall

vision of currency than in litecoin case.

Table 17: Ripple F-test

dlogXRP dlogXRP

(1 day) (2 hours)
F(3,709) 158  F(3,7277)  2.44
Prob >F 0.1928 Prob >F 0.0628

Even F-tests for joint significance of lagged coefficients has changed from
the previous ones. In daily set, p-value is slightly below 20%, which is much
lower value than in litecoin case, but still very insignificant. Nevertheless,
for the 2h set, we get p-value of only 6%, reflecting slight insignificance at
5% level and significance at 10% level. This shall direct our focus on the
first 6 hours of bitcoin price change, indicating they may have a significant

impact on current price change of ripple.

Table 18: Ripple VAR

dlogXRP  dlogXRP
(1 day) (2 hours)
L1.dlogBTC -0.192** -0.00667
(-3.04) (-0.51)
L2.dlogBTC  -0.136* 0.00510
(-2.14) (0.39)
L3.dlogBTC  -0.0966 0.0728***
(-1.53) (5.48)
L4.dlogBTC  0.0984 0.134***
(1.56) (10.13)
L5.dlogBTC 0.131* 0.102***
(2.08) (7.68)
L6.dlogBTC  -0.0227 -0.0227
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(-0.36) (-1.71)
L7.dlogBTC  0.156*

(2.46)
Ll.dlogXRP  0.0724  0.0395***
(1.93) (3.31)
L2.dlogXRP  0.0193  -0.0247*
(0.51) (-2.08)

L3.dlogXRP  -0.0545  0.0273*
(-1.45) (2.33)
L4.dlogXRP 0.0590 0.0388***

(1.57) (3.42)
L5.dlogXRP  0.0591 0.0128
(1.57) (1.13)

L6.dlogXRP  -0.0855*  -0.00160
(-2.31) (-0.14)
L7.dlogXRP  0.00206

(0.06)
_cons 0.00265  0.0000677
(0.71) (0.24)

*p<0.05, " p<0.01, ™ p <0.001

From the VAR results in Table 18, we can see once again several significance
stars at 2h data column, especially for the period between the 3¢ and the
5" lag, i.e. from 6 to 10 hours after bitcoin price change, all of them with
p-values below 0.1%. Note also high significance of lags of ripple itself, which
shall be also counted for in one’s prediction model. As the interpretation
of separated coefficient may be misleading, we will proceed directly to their

joint interpretation.

Table 19: Ripple Granger causality test - 1 day

Equation Excluded  chi2  df Prob >chi2
dlogBTC dlogXRP 7.4642 7 0.382
dlogXRP dlogBTC 28837 7 0.000
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Unlike partly disappointing Granger causality test results for daily litecoin
data, we get much more interesting results of the test for ripple daily set.
P-value of 0 for at least 3 decimal places leads to strong rejection of no
causality caused by bitcoin. On the other hand, p-value of almost 40% leads
to failure to reject no causality hypothesis from ripple’s side, even at 10%
significance level. This is a very powerful prove of causality only in the

direction, we were expecting.

Table 20: Ripple Granger causality test - 2 hours

Equation Excluded  chi2  df Prob >chi2
dlogBTC dlogXRP 4.4958 6 0.610
dlogXRP dlogBTC 173.41 6 0.000

For the 2h dataset, we get even more significant results, comparing p-value
of 0 for at least 3 decimal places to p-value over 60%. This leads to strong
rejection of no causality caused by bitcoin, and furthermore, complete failure
to reject causality from the other side. Consequently on this enormous im-
balance, we can conclude that ripple is under the strong guidance of bitcoin
with no visible impact of ripple at bitcoin price change. The measurement

of this impact, follows in Figures 8 and 9.
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Figure 8: Ripple IRF - 1 day
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From Figure 8, we can see much lower immediate impact of bitcoin price
change, corresponding to only less than 20% response of ripple. Afterwards,
function is sharply falling significantly below zero in first two days, then
growing back to positive values in day 5, and subsequently oscillating around

zZero.
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Figure 9: Ripple IRF - 2 hours
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For 2h dataset, we see a completely different story. The function is starting

at value insignificantly different from zero, then steadily growing to more

than 10% after 8 hours, just to plummet below zero in next 4 hours. This

significant delayed response indicates predictability potential which will be

now analyzed in detail.

In Table 21, we can find results of Diebold-Mariano test based on daily ripple

dataset.

Table 21: Ripple Diebold-Mariano test - 1 day

Forecast 1 Forecast 2 Statistics Better P-value

inclusive Zero 1.481 zZero 0.1386
inclusive exclusive 3.454 exclusive 0.0006
exclusive zZero -0.4357 exclusive 0.663

From the results of Table 21, we see that our VAR model is significantly

worse than alternative VAR model and also insignificantly worse than zero.
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Lower significance of zero compared to exclusive model in first two rows also
corresponds to better accuracy of exclusive model with comparison to zero
in the third row. On the other hand, this result is once again insignificant.
Summary ranking of our 3 alternative predictions from Table 21 is shown in

the following Table 22.

Table 22: Ripple forecast accuracy ranking - 1 day

1. exclusive (insign.)
2. zero (insign.)

3. inclusive

In Table 23, we can find results of Diebold-Mariano test, this time based on

2h ripple dataset.

Table 23: Ripple Diebold-Mariano test - 2 hours

Forecast 1 Forecast 2 Statistics Better P-value

inclusive 7ero 0.3231 Zero 0.7466
inclusive exclusive -0.7336 inclusive 0.4632
exclusive 7ero 2.818 zZero 0.0048

In the first row of Table 23, we see that zero is once again better than
our model, however, with p-value of almost 75%, resulting in almost equal
forecast accuracy. Moreover, our model is performing better than exclusive
model for the first time, unfortunately with high p-value as well. Those two
results corresponds to strongly significant superior accuracy of zero com-

pared to exclusive model. Ranking for the 2h dataset follows in Table 24:
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Table 24: Ripple forecast accuracy ranking - 2 hours

1. zero (insign.)
2. inclusive (insign.)

3. exclusive

From Tables 22 and 24 we can conclude that our model is not very efficient
in forecasting ripple price change on daily basis, similarly to litecoin case.
On the other hand, we got slightly but not significantly better results on
2h basis, where predictability potential was already seen from IR function.
Even though slightly better performance of inclusive model corresponds to
significant causality of bitcoin, which shall be included in the model while
making forecasts, predictions based on our model did not achieve to signifi-

cantly outrun constant prediction of zero price change.

To make overall conclusion, ripple results were something completely differ-
ent from litecoin. From the very beginning we saw that short-run elasticity
is almost zero compared to perfect litecoin elasticity. Also the lagged coeffi-
cients for first few hours were significant even in FDL model. Later on, we
proved a very strong bitcoin one-sided guidance, corresponding especially to
high significance of bitcoin lags in VAR model while using 2h dataset. IR
function helped us to analyze the size and direction of this effect, showing
significantly positive response of ripple to bitcoin price change in a period
between 2"! and 5 lag, peaking 8 hours after the impulse, resulting in pos-
sible predictability potential. However, our model performed worse forecasts
than both alternatives on daily basis, and only slightly better than exclu-
sive model on 2h basis. Effectiveness of predictions based on our model was

therefore questioned.
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5.3 Peercoin

In Table 25, we can see the results of a FDL model for peercoin daily and

2h dataset, respectively.

Table 25: Peercoin FDL

dlogPPC  dlogPPC
(1 day) (2 hours)

dlogBTC 1.062*** 0.922***
(14.80) (9.08)
dlogBTClagl -0.112 0.386
(-1.19) (1.41)
dlogBTClag2  -0.0811 0.320
(-0.77) (1.82)
dlogBTClag3 0.0159 0.101
(0.20) (0.67)
dlogPPClagl 0.130* -0.472
(2.16) (-1.45)
dlogPPClag2  -0.0584 -0.459*
(-0.88) (-2.23)
dlogPPClag3 0.0341 -0.197
(0.46) (-1.19)
_cons -0.000451 -0.0000464
(-0.17) (-0.03)

* p < 0.05, ** p < 0.01, ** p< 0.001

Peercoin results of FDL model remind the litecoin case a lot, having strongly
significant impact propensity of more or less 100% in both cases and almost
no significance throughout lagged coefficients. However, we shall once again

rather interpret their joint significance, following in Table 26.
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Table 26: Peercoin F-test

dlogPPC dlogPPC

(1 day) (2 hours)
F (3,596) 0.60 F(3,7264)  1.17
Prob >F 0.6139 Prob >F 0.3180

Corresponding F-test for joint significance of first 3 lags of bitcoin price
change for both datasets, shows even higher p-values than in litecoin case,
reaching above 60% for daily and 30% for 2h data. Therefore, we cannot
conclude anything in respect to our research question from the results of

FDL model and shall proceed to VAR model analysis.

Table 27: Peercoin VAR

dlogPPC  dlogPPC

(1 day) (2 hours)

L1.dlogBTC  -0.186* 0.285***
(-2.19) (3.93)

L2.dlogBTC -0.0195 0.304***

(-0.23) (4.17)
L3.dlogBTC  0.00653 0.112

(0.08) (1.54)
L4.dlogBTC  -0.0113 0.101

(-0.13) (1.38)
L5.dlogBTC ~ 0.0280  -0.0456

(0.33) (-0.63)
L6.dlogBTC  0.292***  0.0304

(3.45) (0.42)
L7.dlogBTC  0.0699

(0.82)

L1.dlogPPC  0.143**  -0.495***
(2.71) (-41.65)
L2.dlogPPC  -0.106*  -0.521***
(-2.01)  (-39.29)
L3.dlogPPC  0.00932  -0.264***
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(0.18) (-18.16)
L4.dlogPPC  0.236*  -0.142***

(4.57) (-9.75)
L5.dlogPPC  0.0389  -0.0151
(0.74) (-1.14)

L6.dlogPPC  -0.0531  -0.0449***
(-1.02) (-3.77)
L7.dlogPPC  -0.00987

(-0.19)
__cons 0.000522  0.000137
(0.15) (0.09)

* p < 0.05,** p<0.01, " p<0.001

We can see several significant coefficients in VAR model, especially for more
detailed 2h sets and lags of peercoin itself. This may correspond to lower
correlation of peercoin and bitcoin, compared to litecoin’s case, however, the
results are quite fuzzy and their direct interpretation may be misleading,

therefore further analysis is necessary.

Table 28: Peercoin Granger causality test - 1 day

Equation Excluded  chi2 df Prob >chi2
dlogBTC dlogPPC 11.417 7 0.121
dlogPPC  dlogBTC 16.416 7 0.022

In daily case of Granger causality test, we may reject the null hypothesis of
no causality from bitcoin side at 5% significance level, however, we cannot
do it at level of 1% or lower. Causality is therefore weakened compared to
litecoin case. Furthermore, we cannot reject causality from the other side
even at 10% significance level, which was an issue in litecoin case, resulting

in only one direction, but weaker guidance of bitcoin on daily basis.
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Table 29: Peercoin Granger causality test - 2 hours

Equation Excluded  chi2 df Prob >chi2
dlogBTC dlogPPC 56.881 6 0.000
dlogPPC dlogBTC 31.718 6 0.000

On 2h basis, causality is very strong from both sides, having 0 p-value for
at least 3 decimal places, and (with respect to x? statistics) even slightly
stronger from peercoin’s point of view. This shows some inconsistency be-
tween first 12 hours short-run analysis and one week long-run analysis. We

shall therefore treat the results of both datasets separately.

Figure 10: Peercoin IRF - 1 day
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In Figure 10, we can see the IR function starting at a very high immediate
response level of about 60%, sharply falling down to zero after first day and
oscillating slightly above zero with a significant peak of almost 20% on day
4.
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Figure 11: Peercoin IRF - 2 hours
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In Figure 11, we see similar movement, but with much lower values, start-
ing at immediate response of only 15% and after sharply falling to slightly
negative numbers, and rapidly stabilizing at zero level. Both IR functions
provided inconclusive results so we will proceed to forecasting capability

evaluation.

In Table 30, we can find results of Diebold-Mariano test based on daily

peercoin dataset.

Table 30: Peercoin Diebold-Mariano test - 1 day

Forecast 1 Forecast 2 Statistics Better P-value

inclusive 7ero -0.1407 inclusive 0.8881
inclusive exclusive -0.8485 inclusive 0.3961
exclusive Zero 1.987 zZero 0.0470

From the results of Table 30, we see that our VAR model performed better

than both, exclusive VAR model and zero change prediction. Unfortunately,
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this supremacy is insignificant in both cases at 5% significance level. On the
other hand, we get significantly better forecast accuracy from zero than from
exclusive VAR model. Ranking of 3 alternative predictions is therefore as

follows in Table 31.

Table 31: Peercoin forecast accuracy ranking - 1 day

1. inclusive (insign.)
2. zero (sign.)

3. exclusive

In Table 32, we can find results of Diebold-Mariano test, this time based on

2h peercoin dataset.

Table 32: Peercoin Diebold-Mariano test - 2 hours

Forecast 1 Lorecast 2 Statistics Better P-value

inclusive Zero 2.319 Zero 0.0204
inclusive exclusive -4.047 inclusive 0.0001
exclusive 7Zero 3.328 zZero 0.0009

From Table 32, we see three significant results for the very fist time. Zero
performed significantly better than both models, while our model had also
significantly better accuracy than exclusive VAR model. Ranking for the 2h
dataset follows in Table 33:

Table 33: Peercoin forecast accuracy ranking - 2 hours

1. zero (sign.)
2. inclusive (sign.)

3. exclusive
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From Tables 31 and 33 we can conclude that our model performed much
better in peercoin case than in previous two cases, reaching insignificant
first place on daily basis and strongly significant second place on 2h basis.
Even though we cannot conclude that our model was better in forecasting
peercoin price than alternative predictions, we shall note that its accuracy

was significantly better than exclusive model on 2h basis.

As the results were different for our datasets, we will do the final conclu-
sion for each dataset separately. While for the first 12 hours, we saw a
strong inter-correlation between peercoin and bitcoin from both sides, it
diminished in the long-run, resulting only in a weaker guidance from bit-
coin’s side. However, response to bitcoin price change on 2h basis was not
very high, corresponding to more significant coefficients for peercoin itself in
VAR model. On the other hand, on daily basis, peercoin is much more re-
active, leading to highly positive response especially in the fourth day. This
effect shows potential for making predictions of peercoin based on bitcoin
price change on daily basis, which we analyzed in detail through D-M test.
We actually found out that our model performed better than both alterna-
tives on daily basis, however, the result was not significant. On 2h basis,
our model reached only second place, but significantly better than exclu-
sive model. Because of that, including bitcoin lags in prediction model of

peercoin price change shall be seen as a significant improvement.

5.4 Dogecoin

In Table 34, we can see the results of a FDL model for dogecoin daily and
2h dataset, respectively.

Table 34: Dogecoin FDL

dlogDOGE  dlogDOGE
(1 day) (2 hours)
dlogBTC 1.170*** 1.051***
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(7.81) (24.25)

dlogBTClagl -0.238 0.259**
(-1.63) (3.19)
dlogBTClag2 -0.230 0.0407
(-1.44) (0.73)
dlogBTClag3 -0.461* -0.0765
(-2.35) (-1.32)
dlogDOGElagl -0.0142 -0.198**
(-0.13) (-2.95)
dlogDOGElag2 0.0376 0.0133
(0.47) (0.31)
dlogDOGElag3 -0.0264 0.0556
(-0.29) (1.55)
_cons -0.00158 -0.0000899
(-0.31) (-0.16)

* p < 0.05,** p<0.01, *** p < 0.001

For dogecoin, we can see so far the highest short-run elasticity, reaching
about 110% and statistically very significant in both cases. Moreover, the
first lag in 2h dataset is also significant at 1% significance level. We shall

keep this in our focus during further analysis.

Table 35: Dogecoin F-test

dlogDOGE dlogDOGE

(1 day) (2 hours)
F (3, 366) 3.31 F (3, 4514) 4.60
Prob >F 0.0201 Prob >F 0.0032

F-test give us a very interesting p-values, resulting in joint statistical signif-
icance of bitcoin lagged price changes at 5% significance level on daily basis,
and even at 1% significance level on 2h basis. This is completely different

compared to e.g. litecoin.
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Table 36: Dogecoin VAR

dlogDOGE  dlogDOGE
(1 day) (2 hours)

L1.dlogBTC -0.323 0.109**
(-2.26) (2.76)
L2.dlogBTC -0.310* -0.0241
(-2.16) (-0.60)
L3.dlogBTC -0.249 -0.149***
(-1.73) (-3.72)
L4.dlogBTC 0.100 0.0105
(0.69) (0.26)
L5.dlogBTC -0.320* -0.0125
(-2.25) (-0.31)
L6.dlogBTC 0.0395 -0.0174
(0.28) (-0.44)
L7.dlogBTC 0.0107
(0.08)
L1.dlogDOGE  0.0527 -0.239***
(0.91) (-14.56)
L2.dlogDOGE  0.0204  -0.0614***
(0.35) (-3.69)
L3.dlogDOGE  0.0492 0.0209
(0.89) (1.27)
L4.dlogDOGE  0.0107 -0.0319*
(0.20) (-1.96)
L5.dlogDOGE  0.0811 0.000347
(1.54) (0.02)
L6.dlogDOGE  0.00198 -0.0148
(0.04) (-0.94)
L7.dlogDOGE  -0.0152
(-0.30)
_cons -0.00465  -0.000584
(-0.94) (-0.96)

*p<0.05 " p<0.01, "™ p<0.001
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Results of VAR model are corresponding to FDL model, showing significance
for a first few bitcoin and dogecoin lags, especially for 2h dataset. To analyze

the effect jointly, we shall proceed to further steps.

Table 37: Dogecoin Granger causality test - 1 day

Equation Excluded chi2  df Prob >chi2
dlogBTC dlogDOGE 14.324 7 0.046
dlogDOGE  dlogBTC 19421 7 0.007

Granger causality test for daily data proves guidance of bitcoin at 1% sig-
nificance level and consequent fail to reject no causality from dogecoin point

of view at the same level.

Table 38: Dogecoin Granger causality test - 2 hours

Equation Excluded chi2  df Prob >chi2
dlogBTC dlogDOGE 11.283 6 0.080
dlogDOGE  dlogBTC 24.3 6 0.000

For the 2h data, results are even more significant, while comparing p-value
of zero for at least 3 decimal places, to p-value of 8%. This supports the
hypothesis of bitcoin guidance of dogecoin price changes. The size of this

effect and its development is shown in following IR functions.
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Figure 12: Dogecoin IRF - 1 day
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The first function has a shape common for all the others, while sharply
falling from 40% response significantly below zero in day 1 and then steadily

oscillating around or slightly below zero.

Figure 13: Dogecoin IRF - 2 hours
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The second chart has a very similar development to the daily one, showing
rapid fall from about 40% response to values significantly below zero for

about 4 hours, then stabilizing at zero response value.

In Table 39, we can find results of Diebold-Mariano test based on daily

dogecoin dataset.

Table 39: Dogecoin Diebold-Mariano test - 1 day

Forecast 1 Forecast 2 Statistics Better P-value

inclusive Zero 1.146 zZero 0.2519
inclusive exclusive 1.095 exclusive 0.2737
exclusive 7Zero 2.432 Zero 0.015

In Table 39 we see similar results to what we saw in litecoin and ripple case,
i.e. insignificantly worse performance of our model compared to alternative
predictions. On the other hand, zero prediction showed to be significantly
more accurate than exclusive model. Overall ranking of our 3 predictions is

stated in Table 40.

Table 40: Dogecoin forecast accuracy ranking - 1 day

1. zero (sign.)
2. exclusive (insign.)

3. inclusive

In Table 41, we can find results of Diebold-Mariano test, this time based on

2h dogecoin dataset.

o8



Table 41: Dogecoin Diebold-Mariano test - 2 hours

Forecast 1 Forecast 2 Statistics Better P-value

inclusive Zero -1.697 inclusive 0.0897
inclusive exclusive -0.4914 inclusive 0.6232
exclusive Zero -1.717 exclusive 0.0861

Results from Table 41 are different from what we saw in previous cases. Our
model performed the best results, significantly better than zero at least at
10% significance level. Its accuracy was also higher compared to exclusive
model, however, this result is very insignificant. Interesting finding is that
this time zero performed significantly worse than both VAR models at 10%
significance level. Ranking for the 2h dataset follows in Table 42.

Table 42: Dogecoin forecast accuracy ranking - 2 hours

1. inclusive (insign.)
2. exclusive (sign.)

3. zero

From Tables 40 and 42 we can conclude that on daily basis, both VAR models
has poor performance as zero proved to be significantly more accurate. On
contrary, on 2h basis both VAR models performed significantly better than
zero, showing potential for effective predictability. Even though including
bitcoin lags enhanced our model compared to the exclusive one, the null

hypothesis of better accuracy could not be rejected.

To summarize the last currency analysis, we saw, especially from FDL model
and consecutive F-test, a significant impact of bitcoin on dogecoin price
change. As a necessary prerequisite, we showed that causality from bitcoin
side is much stronger than the other way around. From the IR functions

we saw that this lagged effect has mainly negative direction, which goes
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against our initial assumption of high bitcoin price development correlation,
most probably expressing the substitutability of crypto-currencies and sub-
sequent demand switching as a response to success or fail of any other given
currency. Even though our model performed below average on daily basis,
we got sufficient result on 2h basis. Significantly better performance of both
VAR models compared to zero indicates high potential for predictability of

dogecoin price change on 2h basis.
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6 Conclusion

To reach the final conclusion, we shall first summarize the results from the
previous chapter. Afterwards, based on this summary, we will return to
the beginning of our thesis and try to answer the initial research questions.
Subsequently, we will make a final comment on several issues of our analysis

and state recommendations for further research.

We have seen in preceding chapter that there are several features which are
common (at least to some extent) for each analyzed currency. The first
one was almost perfect short-run elasticity between altcoin and its leader,
resulting in large immediate response to a bitcoin’s price change. The second
feature was a steep diminishing of this positive response effect, most of
the times exceeding beyond zero into negative numbers, and subsequently
settling around zero response level. The last common feature was a strong
rejection of no causality hypothesis, especially for 2h datasets, and most of

the times much stronger from the bitcoin’s point of view.

This leads us to our initial research question: "Do alternative crypto-currencies
follow the price development of their leader?" From what have been stated
above, we could answer: "Yes, they do." However, we have to be very careful
about several drawbacks of our analysis, having impact on plausibility of our

response.

The first thing we shall discuss is the interesting part of majority of the
IR functions, we saw in previous chapter, i.e. the response in negative di-
rection, usually present between the first and the second lag of 2h datasets
and sometimes after a longer period in daily datasets. Even though this is
still a valid response, the direction does not correspond to our initial idea
of younger brother following and imitating his elder. To understand this
effect, we have to realize that all currencies are to some extent very simi-

lar and that investors usually treat them as substitutes.” Therefore in the

Talso previously discussed in general description of Ripple
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short-run, this response may be explained as an almost immediate switching
from the declining currency to the growing one (or the other way around),
caused mainly by "stag" investors. In the long-run, the effect has the same
explanation, but is probably caused by "bulls" losing its faith to currency

and becoming "bears" (and vice versa).

Another issue limiting potential predictability is rapidly diminishing imme-
diate response, reaching almost zero value before the first lag, i.e. before 2
hours for the 2h dataset. From our analysis, we cannot say when exactly
this response is happening, as it may happen any time before the first lag.
Therefore, even if we react to the bitcoin price changes in a few seconds, we
cannot be sure if the positive response effect is already gone or not, especially
in the world of virtual currencies, where majority of trades are performed
instantly by trading algorithms. This would mean that efficient market hy-
pothesis is valid even for crypto-currency market, and therefore no effective
predictions based on other participants may take a place on this market. To
analyze this effect more precisely, one would have to use even more detailed
data, e.g. measured every minute. We leave this as a potential area for

further improvement of this paper.

We can suppose that this will most probably be the issue of litecoin, where we
have seen almost perfect bitcoin price co-development, but minimal delayed
response. On the other hand, this shall not be such a deal for much less
elastic ripple. Moreover, the strongest and the most significant delayed
response we found particularly for ripple. Strong delayed response has been
also seen for peercoin, 4 days after the impulse, supported by above average
accuracy of predictions by our model. Dogecoin behaved very similarly to
litecoin with immediate response fading before the first lag and stabilizing
around zero, so this also may be an issue in this case. On the other hand,
predictions of our dogecoin VAR model on 2h basis had the best performance

out of all analyzed currencies, indicating potential for effective predictability.

As discussed before, to develop an effective trading tool, this model shall
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be also enhanced by other factors having impact on the certain currency’s
value, as omitting an important variable may cause our model to be biased.
Examples of those factors may be e.g. change in major stock prices, value
of precious metals, or exchange rate development of main fiat currencies, as

an alternatives to crypto-currencies.

When thinking about the other factors influencing crypto-currency market,
we also have to state the most important one - overall reputation of the
market. After a quick glance at chart of bitcoin price development, we can
see the huge impact of the most important events discussed previously. All of
those events caused enormous media attention while consequently changing
overall comprehension of the whole crypto-currency market and turning its
future price development by 180 degrees. Those turning points resulted
in incredible volatility of the whole market. Not including this factor in
our model may mist over our judgment by finding correlation somewhere
just because of the unobserved common 3" factor. On the other hand,
we managed to suppress the impact of any external time trend by using
variables in delta forms throughout our analysis. Yet, we think that it
would be very interesting to perform analysis of a predictability model, also
containing e.g. frequency of "bitcoin" searches executed by Google Trends
or Wikipedia, separated into positive and negative meaning. This proved
to be a good measure of interest in the currency with a good explanatory
power (Kristoufek 2013). We will also leave this issue as a recommendation

for further research.

This was a final comment evaluating our analysis and highlighting the main
areas suitable for further research. Now, we may try to answer the second
research question: "May the price development of altcoins be effectively pre-
dicted, based on the price development of bitcoin?" With respect to results
of our forecasting accuracy analysis and previously discussed issues we claim
that even though we proved significant bitcoin leadership, it is apparently

not strong enough for development of profitable trading strategy.
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Appendix - List of full VAR models

In the following chapter, we reports a list of full VAR models for both

datasets and all currencies, including both sides of the model with all cor-

responding properties.

Figure 14: Litecoin VAR 1d model

Vector autoregression

Sample: 9 - 558, but with gaps No. of obs = £2a
Log likelihood = 1297.633 ALC = -4.30lce
FPE = 00002382 HOIC = -4, 706702
Det(Sigma_ml} = .0000251 SEIC = -4.559098
Equation Parms RMSE R-sq chi2 Pxchi2
dloglLTC 1% L10EE 0 0.0801 45.95659 0. 0000
dlogBTC 1% 63783 0. 0805 45.221595 0. 0000
Coet. Std. Err. z P=|z| [95% Conf. Interwvall
dloglLTC
dlogLTC
1. L4437 0554031 1.1 0.244 - 40504 1730857
L2. 1e4056 056439 2.91 0. 004 0534775 L 2747145
L3, -.11224%3 056 70 -1.38 0.048 -.2233868 -.0011111
L4. -.0e054 86 0568548 -1.06 0.287 -.175%8318 0508847
L5. 1131542 0565621 2.00 0.045 0022546 2240138
L& . L0le2700 L0hE4E5 .29 0.773 -.0543534 1263395
LF. - e4076 LO549327 -0.12 0.307 -.1140738 0125385
dlogETC
L. 0734085 092445 0. 35 0. 390 -.1017803 . 2605973
L2. -. 2743277 0333454 -2.94 0. 003 -.4572813 -.0913741
L3, L038423 0937991 0.41 0.682 -.14541%8 2222659
L4. 1874221 . 0539405 2.00 0. e 0032302 3715421
L. 1025259 0540843 1.09 0.276 -. 03818759 28659278
L. 1454403 0338369 1.55% 0.121 -.0384 766 .3293572
L¥. . 0510338 05lced 2 0.56 0.578 -.12861597 . 2306573
_Cons 002609 L4Ee4 36 0.5 0.574 -.e4324 0117103
dlogETC
dloglLTC
1. - 0542459 0331438 -2.84 0. 004 -.1592203 -. 0292735
2. 05997215 0337685 2.95 0.003 0335362 1659068
L3, -4 7e37 0333272 -0.14 0.8a8 -. 07125597 LELTIZE
L4. -. 0156308 L3401 74 0.4 0.645 -.0323636 0509821
LE. 0829043 0338422 2.45 0.014 LEETAT 1452333
L. L0322 337842 .01 0.932 -. 0658337 LeRE37S
L¥. 0818025 0328674 2.49 0.013 173836 1462213
dlogETC
1. dE72248 0553117 3.02 0.003 05338158 2756338
L2. -. 0791437 0558505 -1.42 0.15%6 -.1386086 0303211
L3, -. 0543159 0561219 -0.98 0.328 -.1645128 055081
L4. L07R1529 0562065 1.35 0.175 -. 0340098 1853157
L5. 010597 0562926 0.19 0.851 -.0997345 205284
L& . LEE4TTL 0561445 1.18 0.235 -. 435641 17651383
L7, -.1850055 0548446 -3.37 0. 001 -.2924588 - 0775121
_cons L3e131 L0277 84 1.30 0.133 -.018324 . 505 35
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Figure 15: Litecoin VAR 2h model

Vector autoregression

Sample: & - 317 No. of obs = 8163
Log Tikelihood = 39050.97 AIC = -3.554406
FFPE = 2.43e-07 HOTC = -9.54&78
Det{Sigma_ml}) = 2.4le-07 SEIC = -5.532100
Equation Parms RMSE R-sq chi2 Pachi2
dlogLTC 13 031857 0. 0400 340.ele 0. 0000
dlogBTC 13 020239 0.0212 177.073 0. 0000
Coef. std. Err. z P=lz| [95% Conf. Intervall
dlogLTC
dloglLTC
1. -. 0531037 0144857 -3.66 0. 000 -. 0815031 - 0247044
L2. -. 2254122 01450593 -15.54 0. D -.25384539 -. 1365744
3. -.0%159148 0147582 -4.17 0. 000 -.0305173 -. 0326662
L4. -. 0685309 0147581 -4.64 0. 00 -. 0374563 -. 0396056
L5. -.0203811 0145157 -1.40 0.160 -.0488313 08092
L. L0327533 0144556 2.26 0024 L0434 24 LOElled 2
dlogBTC
L. -. 0734932 L0228077 -3.22 0. 001 -.1181955 -.0287309
2. 1516275 0229025 G.62 0. 000 1067395 .1365155
L3, 0300289 0230995 1.30 0.1%4 -.0152453 0753031
L4. L 0E54405 0231022 3.00 0.003 0241611 11472
LE&. L0195 06 L0229541 .87 0.385 -.0250832 48553
L. -.0323017 0228653 -1.41 0.158 -. 077118 0125134
_Cons - 0508 03523 -0.28e 0.737 - 0007 814 05993
dlogBTC
dloglLTC
1. LMI52725 0052054 0.57 0.567 -.276597 0233147
L2. -. 0274748 0092178 -2.98 0. 003 -. 455414 -. 54082
L3 0133281 0033759 1.42 0.155 - . 0504 34 L0317
L4. L4433 033759 0.52 0.605% -.013533 0232197
LE. L0054 845 0092219 0.59 0.552 -. 01259 0235591
L. 0148391 00592091 1.61 0.107 - 332104 0328887
dlogBTC
L. -.11753803 0144838 -8.11 0. 000 -.1459799 -. 0331308
L2. -. 0583031 01455 -4 .05 0. 000 -. 0374206 -.0303855
L3 -. 0644457 0145752 -4.3% 0. 000 -.0332125 -.0356354
L4. -. 0115935 014676 -0.79 0.430 -. 0403556 SATLITET
LE&. 02008 0145828 0.01 0.%39 -.0238381 0287826
Le. -.0312017 L0145 264 -2.15 0.032 -.0596728 - 027305
_cons SO0 TET LO002238 0.79 0.432 - 000263 LO0e145
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Figure 16: Ripple VAR 1d model

Vector autoregression

Sample: 9 - 721 No. of obs = 713
Log Tikelihood = 1657.508 AIC = -4.56524
FFPE = 0000357 HOTC = -4.4505382
Det{Sigma_ml} = .0000323 SEIC = -4.372976
Equation Parms RMSE R-sq chi2 Pachi2
dlog*RP 1% 039559 0. 0620 47.142559 0. 0000
dlogBTC 1% 059831 0.0312 22.93554 0.0613
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
dlogRP
dlog=RP
1. 0723518 037526 1.93 0.054 -. 15977 1459013
L2. L0152862 037748 0.51 0.e09 -. 05465 36 093271
3. -. 0545053 0375556 -1.45 0.147 -.128113 L0191024
L4. 0583823 0375198 1.57 0.11& -.0145551 1325198
L5. . 0590756 0375561 1.57 0.11%6 -. 0145329 1326341
L. -. 0354814 0369858 -2.31 0.021 -.1573%6 -.0125%&29
LF. 20643 0364559 0. 0% 0.355 -.0B333879 0735165
dlogETC
1. -.1913569 0631238 -3.04 0. 002 -.315547 -.e8l2c8
L2. -.1353362 L0E34E 24 -2.14 0.032 -. 2603203 -.0115521
L3, -.0965371 LE33276 -1.53 0.127 -.22071&69 0275227
L4. .0233738 63157 1.56 0.119 -.0254117 2221592
5. .13123385% e 32411 2.08 0.038 00728383 .2551338
L. -. 0226849 e 34TV -0.356 0.721 -.14703% 1017292
LF. 1560387 LOig 3484 2.46 0.014 0318124 L 2804643
_cons L2845 7 0037168 0.71 0.477 -.4E351 . M99 305
dlogBTC
dlog:RP
1. -.0131381 0225516 -0.58 0.560 -.0573384 0310622
L2. 0265315 0226851 1.27 0.242 - 0173304 0709534
L3, L0324 24 0225694 0.14 0. 83 -. 405528 L 74TIT
L4. 471476 L225479 2.09 0.037 0029545 0513406
L. -.011leel2 0225697 -0.52 0.605% -.0558969 L3258 74E
L. -. 074007 LO22225%4 -0.78 0.434 -. 6056535 026163
LF. -. 0102841 0213085 -0.47 0.639 -.053224 0326558
dlogBTC
L. L0e07438 0379378 1.60 0.109 -. 013613 1351006
L2. -. 020095 0381384 -0.53 0.598 -. 5348445 0545548
L3, 03852 0380573 0.10 0.919 -. 070739 073443
L4. L0le3643 0375548 0.45 0.e55 -.0574257 L1 3544
LE&. L0825 264 L0330054 2.17 0.030 0080372 1570155
L. 0813835 0331478 2.13 0.033 LO0EeR15T 1561514
L¥. -.0332365 0381513 -2.18 0.029 -.158M17 - 084513
_cons L5093 LO022336 0.3 0.4599 -. 28585 .1583872
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Figure 17: Ripple VAR 2h model

Vector autoregression

Sample: 8 - 8165, but with gaps No. of obs = 6247
Log Tikelihood = 33307.71 ALC = -9.581605
FFPE = 2.36e-07 HOTC = -93.572773
Det{Sigma_ml)} = 2.35e-07 SEIC = -9.555933
Equation Parms RMSE R-sq chi2 Pachi2
dlog*RP 13 023064 0.0301 215.5112 0. 0000
dlogBTC 13 021053 0.0215 152.6241 0. 0000
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
dlogRP
dlog=RP
1. 0354532 0113219 3.31 0. 001 LlE0858 628197
L2. -. 0246701 0118506 -2.08 0.037 -.04785%68 - 14434
3. 0272631 0116592 2.33 0.020 LO043472 05017383
L4. 0387861 0113539 3.42 . 01 Lle5328 LE10393
L5. 0128032 0113359 1.13 0.259 - 0054227 0350291
L. - 0LE 005 L0112163 -0.14 0.8a7 -.0235842 0203831
dlogBTC
L. -.Miaee 8l 0131529 -0.51 0.612 -.0324472 0191111
2. . 350561 0132345 .39 0. 700 -. 0208435 0310361
L3, 072824 0132964 .48 0. 000 M e .0588845
L4. 1340306 0132334 14.13 0. 000 10805936 .1599& 76
LE&. 1023651 LOL33207 7.68 0. 00 076257 1234732
L. -.0226843 LOL32322 -1.71 .08 -.861389 LM132503
_Cons L R00E 7T L0027 .24 0. 807 - 004742 . B0e 05
dlogBTC
dlog:RP
1. -.0134263 0108822 -1.23 0.217 -.0347551 L7025
L2. -.}7le3 L0087 2 0.6 0.508 -.0283643 LOL40332
L3 -.0118297 0106724 st g 0.268 -.0327473 .30878
L4. - 0AFLSY 0103638 -0.17 0. 89 - 0220284 018557
LE. - 070755 0103511 -0.08 0.494 -.0273632 0132122
L. -.O7ETS2 0102382 -0.74 0.459 -. 3276457 LOl24874
dlogBTC
L. -.1193651 .01 20059 -9.99 0. 000 -.14345362 -. 056434
L2. -. 0384566 0120808 -7.32 0. 000 -.1121345 -. 0647787
L3 -. 0507388 0121365 -4.18 0. 000 -. 0745767 - 0270009
L4. - . 80578 0120794 -0.67 0. 505 -.031733 0156174
LE&. 005064 0121591 0.42 0.677 -. 187674 . 0288553
Le. -.0153352 0120783 -1.32 0.1a7 -.03%6122 LMI77338
_cons L0105 T L0025 24 0.42 0.675 -. 03389 0 303
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Figure 18: Peercoin VAR 1d model

Vector autoregression

Sample: 9 - 603 No. of obs = 00
Log Tikelihood = 1736.741 AIC = -5.6839135
FFPE = 0000116 HOTC = -L.e03554
Det{Sigma_ml)} = .0000L05 SEIC = -5.465283
Equation Parms RMSE R-sq chi2 Pachi2
dlogPPC 1% 08324 0.1037 62.45019 0. 0000
dlogBTC 1% .051587 0. 0504 31.3564 0. 004 2
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
dlogPPC
dlogPPC
1. 14235382 0527113 2.71 0. 007 0353646 L 2462704
L2. - 1053041 0525205 -2.1 0. 044 -. 2087424 -. 0023658
3. L3227 0526489 0.13 0. 859 -. 0238574 1125127
L4. . 2355205 0515079 4.57 0. 00 .1345669 L 3364742
L5. 0383493 0524825 0.74 0.458 -. 0635145 1418132
L. - . 0530507 LO520922 -1.02 0.308 -.15514595 45048
LF. -. 9853 051873 -0.19 0.849 -. 1115444 .0518138
dlogETC
1. -.1350643 L3434 -2.19 0.028 -.3525572 -. 01595714
L2. -.0195164 0850458 -0.23 0.818 -.1352031 1471703
L3, 006523 0848232 .08 0.339 -.1597323 17278383
L4. -.0112935 0845511 -0.13 0. 854 -.17723851 15455381
5. 02793735 0847534 0.33 0.741 -.1381% 1340569
L. . 2915292 845026 3.45 0. 001 1255072 4571512
LF. 0638548 851542 .82 0.412 - 0570443 . 2367539
_cons L0521 7 033653 0.15% 0.877 -.0e082 LMI71255
dlogBTC
dlogPPC
L. 0184517 0326671 0.57 0.571 -. 55346 .0825138
L2. -. 062026 0325438 -2.12 0.034 -.1328206 - 52314
L3, L0l1e2438 326284 0. 36 0.720 -.0522558 L075e453
L4. D4 804 L0313213 2.02 0.043 00159158 127045
L. - L0047 0325253 -0.31 0.757 -. 07379354 0537015
L. 0247231 322834 0.77 0.444 -.0385512 0873574
LF. -. 454854 0321507 -1.41 0.157 -.1084836 0175448
dlogBTC
L. -.E41432 LG 2E447 -1.22 0.223 -. 1673249 0350384
L2. LEE2113 0527059 1.26 0.2098 -. 0370904 1695131
L3, -. 034764 0525711 0.6 0.508 -.13783045 Le832735
L4. 0553062 0524862 1.05 0.292 -. 0475647 1581772
LE&. . 05963001 0525278 1.34 0.065 -. e 0526 1598527
L. LEE2112 0523653 1.26 0. 20 -. 0384307 1638532
L¥. 0767051 0527731 1.45 0.145 -.0267283 1801384
_cons L2136 0020831 0.58 0.561 -. 002879 L5 3061
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Figure 19: Peercoin VAR 2h model

Vector autoregression

Sample: &8 - 7276 No. of obs = 7269
Log Tikelihood = 22814.52 ALC = -6.270057
FFPE = G&.4%=-0& HOTC = -b.261lL8
Det{(Sigma_ml) = £.44e-06 SEIC = -6.245408
Equation Parms RMSE R-sq chi2 Pachi2
dlogPPC 13 125324 0.25e1 2502.089 0. 0000
dlogBTC 13 020559 0.0276 206 .5282 0. 0000
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
dlogPPC
dlogPPC
1. -. 4346427 0118758 -41.65 0. 000 -.51791388 -.4713665
L2. -.5211663 L0132643 -39.29 0. D -.5471638 -.45351688
3. -.26413598 0145446 -18.16 0. 000 -. 2926467 -.235633
L4. -.1417519 LOL4544 2 -9.75 0. 00 -.170258 -.1132457
L5. -. 01505932 0132935 -1.14 0.256 -. 041143 0105615
L. - 445263 0119179 -3.77 0. 000 -. 063285 -. 0215676
dlogBTC
L. . 2845078 L0724 364 3.93 0. 00 1425348 4264303
2. 32206 0730085 4.17 0. 000 1e11264 4473148
L3, 1123103 0730541 1.54 0.124 -. 030873 . 2554535
L4. 1309463 0730519 1.38 0.167 - 22321 L2441 26
LE&. - 5227 072827 -0.63 0.530 -.13796591 0867237
L. 0304021 0719763 0.42 0.673 -.1106689 171473
_Cons L0 26 L014e9 0.09 0.%2e - 027422 L3011
dlogBTC
dlogPPC
1. L0024 216 013482 1.24 0.214 -. 313568 LO0E 24
L2. LM22364 002176 1.35 0.177 -. 13284 LO072002
L3 022979 002386 0.9%6 0.335 -. 023785 LE2T44
L4. 0110474 L023859 4.63 0. 000 006371 0157237
LE. - 045129 0021807 -2.07 0.039 -. 3087871 -. 002387
L. -. 4762 0193551 -0.76 0.450 -. 053081 .M}23558
dlogBTC
L. -. 1114306 0118829 -9.38 0. 000 -.1347206 -. 0381405
L2. -.0820057 0113768 -7.68 0. 000 -.1154538 -. 0685457
L3 -. 0523103 0113842 -4.41 0. 000 -.076339 -.02%4217
L4. -.023%823 0113833 2.0 0.045 -. 0474703 - 4543
LE&. 0140083 0113142 1.18 0. 240 -. 33425 0373603
Le. - 90777 0118074 -1.62 0.10e -.221559 L 0E44
_cons L0983 000241 .83 0.4059 - 3002734 L0ETL2

74



Figure 20: Dogecoin VAR 1d model

Vector autoregression

Sample: 9 - 373 No. of obs = 370
Log Tikelihood = 1071.064 AIC = -5.627375
FFPE = 0000123 HOTC = -L.501336
Det{Sigma_ml)} = .0000L05 SEIC = -5.310064
Equation Parms RMSE R-sq chi2 Pxchi2
d1ogDOGE 1% 096731 0.05e3 22.07024 0.0772
dlogBTC 1% .038917 0.0620 24 .455E57 0. 0403
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
d1ogDOGE
d1ogDOGE
1. 0527025 0576352 0.91 0. 360 - 0e02604 1656655
L2. LO204313 057el2 .35 0.723 -. 092486 1333487
3. LO452481 0552631 0.89 0.373 -. 0590774 1575736
L4. LOL0T22 L0540 3 0. 20 0.8343 -.0251415 1165855
L5. 0810551 0525941 1.54 0.123 -. 0220275 .1841377
L. LT84 2 0520633 0. 04 0.370 -. 100058 1040264
LF. -.0151798 0512858 -0.30 0.7e7 -.1156982 0853336
dlogETC
1. -.3229365 142761 -2.26 0.024 -.602743 -.04313
L2. -.3095239 14327594 -2.16 0.031 -.5903464 -. 0287015
L3, -. 248543 1437545 -1.73 0.084 -.5304751 .0331891
L4. 100056 2 1442707 .69 0.438 -.182709 . 3828215
5. -.3196378 1422037 -2.25 0.025 -.5983519 - 409230
L. L0395323 141633 0.28 0. 780 -.2380632 3171278
LF. .010& 739 .1355402 .08 0.%39 -. 2628145 2841728
_cons -.4e527 L3 TEL -0.94 0. 350 - 0144057 L MJ510:03
dlogBTC
d1ogDOGE
1. .0329083 0231875 1.42 0.156 -.0125378 . 0733556
L2. -. 0681555 0231782 -2.94 0. 003 -.1135878 -.0227311
L3, L0Ll37e47 0222356 0. 34 0.399 -.0248163 L 23457
L4. -.02883881 L0217 302 -1.33 0.134 -. 0714786 LOL3T024
L. 0591 00e 0211594 J.43 0.667 -.0323711 0505723
L. -. 0155906 0209458 -0.74 0.457 -. 0556437 L2546 25
LF. -. 077136 LO20e331 -0.37 0. 709 -. 81537 L0327 264
dlogBTC
L. -. 470788 0574345 -0.82 0.412 -.1596452 06545916
L2. -. 0516531 0575435 -0.90 0.370 -.le46322 LE13261
L3, L0401 364 0578507 0.69 0.438 -.0732489 21535217
L4. 433728 LO05E0423 0.75 0.455 -.0703879 1571336
LE&. -. 0533737 0572107 -0.93 0.351 -.1e55047 0587572
L. L0214027 0563811 .38 0. 707 -. 0202782 1330838
L¥. 0325827 05613592 0.58 0.562 -. 077448 1428134
_cons - 02412 02002 -1.20 0.228 -.e3358 L15118
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Figure 21: Dogecoin VAR 2h model

Vector autoregression

Sample: & - 4526 No. of obs = 4513
Log Tikelihood = 20445%.74 ALC = -5.033051
FFPE = 4.07e-07 HOTC = -53.02eMe
Det{Sigma_ml}) = 4.02e-07 SEIC = -5.002136
Equation Parms RMSE R-sq chi2 Pachi2
d1ogDOGE 13 L41117 0.0536 255.7734 0. 0000
dlogBTC 13 01715 0.0334 156.07&67 0. 0000
Coef. Std. Err. z P=lz| [35% Conf. Interwvall
d1ogDOGE
d1ogDOGE
1. -.23%90329 LO01lE4147 -14.56 0. 000 -.2712052 -. 2063507
L2. -. 614353 LeE3TE -3.69 0. D -. 0540443 -.0b2a32e4
3. L0209202 LlE415 1.27 0.203 - 12604 0531008
L4. -.03138a52 LOlE 2433 -1.96 0. 00 -. 037364 = D0 2
L5. 03474 L0lell .02 0.983 -.0312277 0315225
L. -.0148329 0157489 -0.94 .34 - 57002 LOLlE 0344
dlogBTC
L. 10591726 L0395 2.76 0. 00 L031754 .1865511
2. - 0240714 4008385 -0.60 0.548 -. 1026436 . 0545009
L3, -.14%3821 L0502 -3.72 0. 000 -.2280751 -. 0706891
L4. . 0105108 LO401573 0. 26 0.794 -.819%:1 0892177
LE&. -. 01245962 0359614 -0.31 0.755 -.03081%1 LEEE26T
L. -.0173876 0391787 -0.44 0.65%7 -. 0241765 0594013
_Cons -. 005842 LO00e11 -0.96 0.339 -.317818 LO0El 34
dlogBTC
d1ogDOGE
1. 0104173 . 0G 8465 1.52 0.128 - 030022 LD238369
L2. -.01e3059 0063398 -2.42 0.0015 -. 3304076 - 032041
L3 -. 26628 .00 84 35 -0.39 0.697 -.11&s0858 0107603
L4. - 302144 L0 FTTT -0.32 0.752 -.0154281 01114
LE. L5 2811 0067198 0.79 0.432 -. 3073834 L0l3451e
L. - 033017 05651 -0.50 0.615 -. 018177 M35 7 36
dlogBTC
L. -. 1647222 LO0lE4TEL -14.00 0. 000 -.1970148 -.1324296
L2. -. 079413 LOlET216 -4.75 0. 000 -.1121358 - 4eE352
L3 -. 67508 LO1ET473 -4.03 0. 000 -.1003322 -.0346338
L4. -. 0259297 0167503 -1.55 0.122 -.0587597 L 0e3 003
LE&. -.0291679 LlGGE 3G -1.75 0.080 -.618377 L35019
Le. -. 0255615 LOlE3421 -1.56 0.118 -. 0575915 L e4E 34
_cons - 00234 L0254 -0.92 0.359 -. 307335 L0265
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