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Co-movements in market quality of cryptocurrencies

by Hubert ANCIAUX and Nicolas NICAISE

Using intraday data of the transactions and order book of the five cryptocurrencies
with the highest market capitalizations in January 2018 from the Bitfinex exchange
between August 2017 and July 2018, we extend the market quality and cryptocur-
rency literatures by investigating the market quality of cryptocurrencies. We repli-
cate the approaches of Marsh and Mazza (2017) and Beaupain, Giot, and Petitjean
(2010) in order to assess market quality commonality, liquidity commonality and
the impact of volatility regimes on liquidity commonality. We found significant ev-
idence of liquidity commonality (varying in intensity depending on the types of
liquidity proxies chosen) in both quiet and volatile regimes for our set of cryptocur-
rencies with a positive relationship between commonality and volatility. Our results
also suggest the presence of commonality in market quality movements of our set
of cryptocurrencies. Counter-intuitively, the intensity of the common movements
seems to be more important at the end of our period compared to the first three
months of the period. Comparisons of the average explanatory power of Chordia,
Roll, and Subrahmanyam (2000)’s market model at given periods leads to mixed re-
sults. Most conclusive is that for 16 out of 30 of our liquidity proxies across our set
of cryptocurrencies, the market model regression assessed on a weekly basis had a
significantly higher average explanatory power during the month preceding the end
of the Bitcoin bubble as dated by Liu et al. (2019) compared to the month following
it. This partially corroborates Liu et al. (2019), who also had stronger explanatory
power in their model during the bubble.
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Chapter 1

Introduction

During the last decade, cryptocurrencies' have become more and more
popular, at least as financial assets. Proof of this can be shown by simply looking at
the increasing number of cryptocurrencies, the volume of cryptocurrencies traded,
the evolution of their market capitalization and price over the last ten years. To give
one concrete example, on a period going from October 2016 to October 2017, the mar-
ket capitalization of Bitcoin (the first decentralized digital currency) went up from
$10.1 to $79.7 billion whereas its unit price increased from $616 to $4 800 US dollars,
representing a 680% year-on-year return on investment (Corbet, Lucey, Urquhart,
and Yarovaya, 2019). Today there are more than one thousand cryptocurrencies, but
Bitcoin still remains the leader on this market. According to the review of literature
on cryptocurrencies of Corbet et al. (2019), some elements explaining the growth in
the demand for cryptocurrencies are the facts that they have low transaction costs,
rely on a peer-to-peer system and do not include governments in their design. This
rising popularity also spread to the academic world, were cryptocurrencies became
a recurrent research topic. At the time when Corbet et al. (2019) wrote their literature
review, they counted 24 papers with significant quotes available on the subject. The
specific areas of research of the said papers were common research questions from
traditional finance like volatility clustering, asset pricing bubbles, market efficiency,
etc. More recently, Facebook initiated a new cryptocurrency project in association
with other companies and NGO's called Libra which attracted even more attention
to cryptocurrencies and has the potential to change the landscape of the cryptocur-
rency market again.

In the past few years, cryptocurrencies have been increasingly more used as
a tool to raise funds. Sockin and Xiong (2018) point out that in the 2015-2017 period,
more than 2 000 Initial Coin Offerings® (ICOs) managed to raise over $4 billion from
the public (according to their research, the top three ICOs in 2017 were Tezos, EOS.IO
and BANCOR, each having respectively raised $208 million, $200 million, and $153
million). A study from EY (2017) reported that this amount even exceeded venture
capital investments in funding innovative projects related to blockchain technology.
Another interesting fact is the geographic repartition of those ICO’s. Among the
more than 2 000 ICOs launched between 2015 and 2017 discussed by Sockin and
Xiong (2018), 1031 were launched in the U.S., 310 in Russia, 260 in Singapore, 256
in China and 196 in Hong Kong. But even though cryptocurrencies can represent a

L"Cryptocurrencies are peer-to-peer electronic cash systems which allow online payments to be sent directly
from one party to another without going through a financial institution” (Corbet et al., 2019, p.3). Academic
literature about cryptocurrencies is addressed in section 2.1

2Type of funding using cryptocurrencies



2 Chapter 1. Introduction

successful tool to raise money, failed ICO’s showed us the risks and abuses that can
emerge by investing in those assets. Sockin and Xiong (2018) highlight in this way
the fact that we still have a need to better understand this technology and have a bet-
ter assessment of the benefits and risks that their use involves building an adapted
regulatory framework. This need for a deeper knowledge has become even more
relevant recently with the introduction of Bitcoin futures®. According to the Futures
Industry Association, the late introduction of futures on Bitcoin opens financial mar-
kets in a way that was never done before and has a high potential to disrupt the
economy (Ryznar, 2018). To be precise, Ryznar (2018) refers to the launch of Bitcoin
futures trade by the Chicago Board Option Exchange (CBOE) the 10th of December
2017 and by the CME group a week later.

Another subject lying at the core of our master thesis is market quality*.
Market quality is important for financial markets as it is related to concepts essential
for them, such as market efficiency or transaction costs (Marsh and Mazza, 2017).
Several facets of market quality have, much like cryptocurrencies, known a growing
interest in the recent academic literature. Taking a step back, we can see that a lot
of researches in the past 20 years have studied co-movements between several as-
pects of financial assets (Adjaoute and Danthine, 2001 ; Brockman and Chung, 2002
; Chordia, Roll, and Subrahmanyam, 2000 ; Domowitz, Hansch, and Wang, 2005
; Hasbrouck and Seppi, 2001 ; heston1994does ; Heston and Rouwenhorst, 1995 ;
Karolyi, Lee, and Van Dijk, 2012). Among them, some focus on co-movements be-
tween dimensions that are inherent parts of the concept of market quality, like the lit-
erature on liquidity co-movements for example (Brockman and Chung, 2002 ; Brun-
nermeier and Pedersen, 2009 ; Chordia, Roll, and Subrahmanyam, 2000 ; Domowitz,
Hansch, and Wang, 2005 ; Hasbrouck and Seppi, 2001 ; Huberman and Halka, 2001
; Karolyi, Lee, and Van Dijk, 2012). The presence of a common factor in the move-
ments of the market quality of financial assets is something that policymakers and
regulators need to consider to manage their liquidity successfully. Indeed, stronger
co-variation between assets would make the propagation of liquidity shocks to other
markets easier and could have a significant impact on the stability of financial mar-
kets (Klein and Song, 2017). According to Klein and Song (2017), to be aware of
this common factor is even more important in times of crisis, as it implies greater
transaction costs and an inability to trade assets quickly without significantly im-
pacting prices. In this regard, the financial crisis of 2008 revealed the adverse effects
that such common component can have on diversification and was the start of the
realization that there was a need for regulatory authorities to reflect those common
variations in their risk models (Beaupain, Giot, and Petitjean, 2010). However, a
common factor in market quality movements has implications for other actors than
policymakers and regulators. The liquidity of a stock and the associated elements
that can lead to liquidity risks are important parts of investment decisions (Koch,
Ruenzi, and Starks, 2016). In the presence of a common factor in market quality
movements, the likelihood of facing systematic liquidity risk and subsequently hav-
ing to face undiversifiable transaction costs increases (Anagnostidis and Fontaine,
2018). A better knowledge of this factor is thus important as it would change the

3"Futures are contracts to buy or sell a specific quantity of some asset at a specified price and date in the
future. In other words, futures are simply contracts for the future delivery of the underlying asset at a certain
price” (Ryznar, 2018, p.8). The introduction of Bitcoin futures on financial markets is addressed in
section 2.1.6

4"Market quality is defined as “a market’s ability to meet its dual goals of liquidity and price discovery”
(O’'Hara and Ye, 2011, p. 463). Academic literature on market quality is addressed in section 2.2"
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current paradigm of asset pricing and impact investor’s trading strategies.

However, to the best of our knowledge, there are still no article in the aca-
demic literature as of today treating the subject of co-movements between the mar-
ket quality of cryptocurrencies. A few months after we started working on our mas-
ter thesis, a new article about the Bitcoin’s liquidity was released (Marshall, Nguyen,
and Visaltanachoti, 2019) and another one about the factor structure in the returns
and volatility of cryptocurrencies (Liu et al., 2019) which gets very close to the topic
of our work. Nonetheless, liquidity and volatility are not the sole components of
market quality and Bitcoin is only one cryptocurrency among many, so academic
literature is still lacking a global analysis of market quality in cryptocurrencies. Fur-
thermore, even in the literature treating market quality co-movements of more tra-
ditional financial assets, there was no comprehensive analysis of market quality in
academic researches before the article of Marsh and Mazza (2017) about common
factors in the market quality of European stocks. Most of the body of the literature
on this topic is in fact focused on subdimensions of market quality, like liquidity,
but those aspects do not depict a complete picture of the concept of market quality
by themselves. Moreover, if we take the most documented dimension, commonality
in liquidity, despite the number of research papers in this field, there still exists no
consensus on the best way to measure liquidity or when there is a consensus on a
measure, the necessary data to compute it is sometimes missing , according to Marsh
and Mazza (2017).

Through this short introduction on the stakes of the topics of cryptocurren-
cies and market quality and the state of the academic literature of those respective
subjects at the time we wrote this report, highlighted the interest of conducting more
research in those areas. In this context, our motivation is to contribute to both the
literature on cryptocurrencies and market quality with our master thesis by extend-
ing and updating the main findings of the market quality literature to the specific
case of cryptocurrency instead of traditional financial assets. The methodology of
our approach consists mostly in replicating academic research papers by using cryp-
tocurrency data instead of data from traditional financial assets. The problematic of
our master thesis could then be phrased like this:

“What findings of the academic literature about the market quality co-
movements of traditional assets can be transferred to cryptocurrencies in
2017/2018?”

Before we move on to the plan of the rest of our work, we would like to clar-
ify the scope of our research. One of the main challenges that we faced in our project
was the lack of uniformity between authors in the practical part of the market qual-
ity literature. Properly speaking, there are few articles that take a global approach
and definition of market quality. Academic studies focus instead more on liquidity
or other dimensions of market quality. In the experimental part of our work, we will
replicate one article focused on liquidity among others. The limit of this approach
is that findings that were true for liquidity might not necessarily be true for mar-
ket quality. However, liquidity being an important part of market quality, we are
convinced that this approach is a valid intuition of the market quality behaviour.

The rest of our master’s thesis is divided in six main chapters. Chapter 2 is
a detailed review of the academic literature on the subject of cryptocurrencies and



4 Chapter 1. Introduction

market quality. We present a summarized view of the main findings and define key
concepts for the rest our work. In Chapter 3, we formulate research questions and
hypothesis that we need to answer to address our problematic in light of our litera-
ture review. We also explain and justify the methodology we chose to tackle them.
In Chapter 4, we describe our datasets, elaborate the cleaning process of our datasets
and make a small preparatory analysis. Next in Chapter 5, we present the results of
the empirical part of our project, answer the hypothesis and research questions and
discuss them. Finally, in Chapter 6, we make a concise review of the results we ob-
tained and take a critical viewpoint of our master’s thesis by presenting the limits of
our approach and areas where we think that further research should be conducted.



Chapter 2

Literature review

The objective of this Chapter is twofold. The first is to define the funda-
mental concepts necessary to understand our problematic and make our approach
as clear as possible. Secondly, as detailed in Chapter 1, our problematic consists in
updating, verifying, if the main findings of the market quality co-movements liter-
ature to are holds in for cryptocurrencies. To achieve this purpose, we review the
academic literature on market quality and on cryptocurrencies to summarize the
main findings of those research and present them in a concise way.

Before moving on to the structure of the Chapter, we would like to make
an important remark regarding the scope of our literature review. Our review is
focused on the academic research relevant in order to address our problematic. The
body of academic literature on cryptocurrencies and market quality extends beyond
the articles that we will treat in this Chapter. For example, we ignored the research
treating the monetary function of cryptocurrencies (or lack thereof), as it does not
concern common movements in market quality. Concretely, this chapter is divided
into three sections. Section 2.1 is a review of the relevant academic literature on
cryptocurrencies and section 2.2 on market quality. Finally, we report the results of
two recent papers researching common movements in some dimensions of market
quality of cryptocurrencies in section 2.3.

2.1 Cryptocurrency literature

2.1.1 Definitions and key concepts

A cryptocurrency is an electronic cash system that permits payments from
one peer to another directly without the need for any financial intermediary. Con-
trary to other financial assets, a cryptocurrency does not have a physical counterpart
as it does not depend on any higher authority like the government and can be di-
vided infinitely. Furthermore, its value is based on the traceability and security of an
algorithm, rather than on any other physical asset. Hence its quick growth in popu-
larity and use, which translated in a rise in their prices, their volatility and trading
volumes that we mentioned in our introduction (Corbet et al., 2019). In their model,
Sockin and Xiong (2018) conceive cryptocurrencies as the subscription to a platform
whose goal is to help in the bilateralisation and decentralization of transactions of
certain goods and services, executed by households and by means of blockchain
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technology. In this model, the cryptocurrency has two functions: one is to serve as
an initial financing for the platform and the other is to materialize the membership
to the platform.

Similar to classical currencies, cryptocurrencies rely on people’s trust in its
value and on the belief that it will be accepted by vendors (Ryznar, 2018). On the
other hand, a cryptocurrency differs from fiat money' through the way it is issued
: fiat money is issued by the central bank of a country whereas Bitcoin (for exam-
ple) is issued by electronic means by a computer program with a predetermined cap
(Ryznar, 2018). In this sense, Ryznar (2018) deems the subject of whether bitcoin pos-
sesses the basic functions necessary to be a currency (stored value and fungibility)
or not is debatable and concludes that it can’t be valued using fundamental analysis.

To validate transactions, a cryptocurrency relies on blockchain technology,
which can be described in the following way :

" At its root, a blockchain is a public ledger that everyone can inspect, but which
no single user controls. The participants in a given blockchain system work
together to keep the ledger updated; it may be amended only by strict rules and
consensus”. (Ryznar, 2018, p.7)

The system uses a hashing algorithm? to check if a transaction will be ap-
proved and once a transaction is on the blockchain it is extremely difficult to alter
it (Ryznar, 2018). We do not go further into details about the inner workings of the
hashing algorithms or about blockchain as it is not relevant to answer our problem-
atic.

2.1.2 Regulation

As of today, there is still no uniformity between countries with respect to
the regulation of cryptocurrencies. Hence, some of the most common-spread ar-
guments against the use of cryptocurrencies as currencies are their use as a tool for
cybercriminality and their unknown potential to have destabilizing consequences on
the world economies (Corbet et al., 2019). Despite this lack of common regulation,
we would at least expect uniformity and price consistency across the cryptocurrency
exchanges across the world, irrespective of whether they are considered a financial
asset or a currency. In the case of Bitcoin however, it appears that some Bitcoin ex-
changes fail to achieve the law of one price and we can observe different prices for
Bitcoin across different exchanges (Pieters and Vivanco, 2017). The reason for such
failure can only come from the intrinsic characteristics of the exchanges themselves.

What about the future of cryptocurrencies regulation then? According to
Clements (2018) cryptocurrencies are likely to stay around for quite some time and
so are fiat currencies. The author foresees a high probability for the distributed
ledger technology to become mainstream to enhance payments, settlements and

L"which is a currency that a government has declared to be legal tender, but not necessarily backed by a
physical commodity”(Ryznar, 2018)

2 Algorithm mapping an arbitrary size of data to a hash of a fixed size. The mapping is only in
one-way and impossible to revert
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clearing but will also affect other domains such as data protection, online voting
and supply chain management to only name a few. In reaction, new legislation will
materialize in each of those domains and they will eventually merge.

2.1.3 Pricing bubbles

The major increases of the Bitcoin price have been said to have bubble-like
properties in academic literature Corbet, Lucey, and Yarovaya (2018). In their study,
the authors showed the existence of short-term time periods in which block size,
liquidity and hash rate® of Bitcoin and Ethereum affect the prices of these cryptocur-
rencies. These episodes of extreme volatility do not last for long periods and are
often associated with cyber-criminality and regulatory disorientation.

Alot of research in academic literature have tried to determine if the Bitcoin
price was in a bubble in the period were it reached sky-high levels(Cheung, Roca,
and Su (2015) ; Clements (2018) ; Corbet, Lucey, and Yarovaya (2018) ; Liu et al,,
2019 ; Su et al. (2018)). Corbet, Lucey, and Yarovaya (2018) present evidences that
Bitcoin was in a Bubble at the end of 2017 and Cheung, Roca, and Su (2015) showed
that Bitcoin has known several short bubbles between 2010 and 2014. Cheung, Roca,
and Su (2015) also showed the existence of speculative pricing bubbles in Bitcoin
and supplied further evidences. By using forward recursive regressions to compute
Dickey-Fuller t statistics and comparing them to the critical value of the test defined
by Phillips, Wu, and Yu (2011) and Phillips and Yu (2011), Liu et al. (2019) managed
to time the late Bitcoin bubble. They show that the bubble started the 24th of May
2017 and ended the 28th of January. Furthermore, using the GSADF test* proposed
by Phillips, Shi, and Yu (2015), Su et al. (2018) identify four massive bubbles. The
ADF test, or augmented Dickey-Fuller test is a test to see if a time-series has station-
ary properties. The appearance of bubbles coincides with periods with an increase
in price and contrarily, falling prices lead to the burst of these bubbles. This is consis-
tent with Giirkaynak (2008)’s model. In the model, the initiation of a bubble comes
from an exogenous shock, whether domestic or foreign. The idea is that a situation
of major financial distress can turn into a global bubble when investors lose their
trust in government-backed currencies. In this scenario, they will rather buy other
types of assets such as cryptocurrencies, causing an appreciation of their price. On
the other hand, domestic levers like the expected depreciation of the local currency
or changes in the currency regime lead to bubbles that are not likely to contaminate
other markets in other countries. In other words, investors hold this alternative asset
as a hedging instrument to protect themselves against potential risks or simply use it
for speculative purposes. In the end, the bubbles would burst due to intervention of
the authorities. Nonetheless, bubbles involve real risks of spill overs, destabilizing
other financial markets.

3Rate at which transactions are approved
4"The GSADF test repeatedly executes a series sample sequence based on the ADF test”(Phillips, Shi, and
Yu, 2015, p.59)
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2.1.4 Specificity as an asset class

At the end of the previous section, we mentioned how some investors used
cryptocurrencies for hedging their positions or for pure speculation. Exploiting daily
and weekly data in a dynamic conditional correlation model Engle (2002), Bouri,
Azzi, and Dyhrberg (2016) find that most of the time, Bitcoin can be used as an effec-
tive diversification instrument. However, their work indicates that in the case of Bit-
coin, there is not sufficient empirical evidence on these diversifications and hedging
qualities relatively to other assets, especially against the main bonds, stocks, gold,
oil, global commodity index and the US Dollar Index. Bitcoin has shown hedging
and safe haven features that deviated between horizons only in a handful of cases.

In spite of the relevance of these results, Bouri, Azzi, and Dyhrberg (2016)
warn us against investing in Bitcoin given its specific asset-class properties. First,
Bitcoin investments are considerably less liquid than other classical financial assets,
although their accessibility for private investors can be tremendously enhanced with
the potential rise of corresponding funds and derivatives. Secondly, the turbulent
nature of the sample period of the study, where Bitcoin prices displayed high volatil-
ity, might suggest that the diversification ability of Bitcoin varies with time.

According to Sockin and Xiong (2018), we can use different valuation ap-
proaches and risk attributes to cryptocurrencies given the way we define it (as a
medium transaction, as a commodity or as a security). Their research suggests that
for the valuation of these cryptocurrencies, we can get helpful insight from the anal-
ysis of some quantitative measures like the volume of transactions recorded on their
ledgers. The volumes and price of the cryptocurrencies can serve as valid signals of
their underlying demands.

2.1.5 Market efficiency

In this subsection, we will first introduce some of the most impactful mar-
ket efficiency models in academic literature and present cryptocurrencies-related re-
sults in a second time.

We begin with the work of Subrahmanyam (1991), who introduced an ad-
verse selection model of market micro-structure where the agents are averse to risk.
This contrasts the former models of Kyle (1984) and Admati and Pfleiderer (1988),
where market makers and traders are both risk neutral. In the risk-neutral case
and when traders are informed, we observe highly correlated signals and a rise
in their number diminishes their aggregate expected profits because of the higher
competition, resulting in a more liquid market. However, given risk aversion (of
the informed traders), a rise in their number can inflate their aggregated expected
profits, resulting in a less liquid market. Assuming the acquisition of information
is endogenous, higher liquidity trading can hinder the liquidity of the market too
by the increase in the number of traders that enter the market. Also, they showed
that making private information more precise can lead to improved market liquidity
due to a more aggressive competition coming from the risk averse and more "pre-
cisely" informed traders. On another note, Subrahmanyam (1991)’s model implies
that price efficiency may be inversely proportional to the amount of liquidity trad-
ing in the market. Given that information acquisition is not solely endogenous in
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security markets due to the presence of insiders. The latter might deter other traders
from acquiring costly information and trading (Fishman and Hagerty, 1989).

Next comes the work of Hasbrouck (2002), who simulated different economies

: a two-market Roll model (Roll, 1984), two markets with private information and a
model of two markets with public and private information. In each setup he tested 2
approaches in their ability to fit the initial structural determination of prices. These
approaches are PT/GG (permanent-transitory Granger-Gonzalo) and IS (informa-
tion shares). Results determined PT/GG and IS approaches did not systematically
converge precisely towards the structural determination. The confidence interval re-
sulting from the IS approach contained the true value whereas the PT/GG approach
did not. The latter approach sometimes leads to a precise identification when the
former approach yields a wide confidence interval. However, the price factor ob-
tained through PT/GG in this case is characterized by a higher serial correlation
and volatility. Overall, the IS method seems to bear a more meaningful inference.

Now moving on to cryptocurrencies, Urquhart (2016) tried to find auto-
correlations, random walk behaviour, nonlinearities and long-range dependence in
Bitcoin returns over the period of 2010 to 2016. This full sample is then split into two
sub-samples: before and after 2014. Firstly, the author checks for autocorrelation of
returns via a Ljung-Box test (Ljung and Box, 1978) (with Hp : no autocorrelation ).
Secondly, he performed runs tests (Wald and Wolowitz,1940 and Bartels (1982)) in
order to check for independence of returns (with Hy : independence). Thirdly, he
performs a variance ratio test (Lo and MacKinlay, 1988) where under Hy: the price
follows a random walk and the variance of the price difference of order g is equal
to p times the variance of the first difference. The variance ratio test parameters
p and q are determined automatically via an automatic variance (AVR) test (Choi,
1999) and a wild-bootstrapped AVR test (Kim, 2009) which is even more appropri-
ate for small samples. Fourthly, he uses the BDS (Brock and al., 1996) test, this is a
popular non-parametric test for autocorrelation in stock returns. The Hy is that the
data generating processes are i.i.d.. His analysis showed that the Bitcoin market is
not weakly efficient when considering the full sample. However, he showed Bitcoin
seems to become more efficient, especially when considering the second sub-sample.
Nonetheless, these results showed that the inefficiency of Bitcoin remains strong.

Bariviera (2017) improves and completes previous literature on Bitcoin by
studying long-memory effect via the Hurst exponent in more detail in three main
points: (i) it makes use of the De-trended Fluctuation Analysis method, rather than
the R/S method which presents a bias to finding long-range persistence in all the
time series. DFA appears to be much less sensitive to deviations from stationarity.
(ii) it proposes sliding windows, to dynamically assess the change of informational
efficiency with respect to time (iii) it takes into consideration the long-term memory
in the daily volatility of returns, which can be used as a proxy for the risk of this
market. He found that daily returns experienced a structural change. From 2011 to
2014 the series of returns was mainly persistent (H > 0. 5), but after, the series ap-
pears to be compatible with a white noise. However, daily volatility (defined as the
log-difference between daily maximum and minimum price) showed a persistent
behaviour for the entire sample period. Also, the long-range dependence magni-
tude of daily volatility is higher than in daily returns. This particularity seems to
indicate an intrinsic characteristic of this synthetic currency market. That is, volatil-
ity clustering is a main feature of the Bitcoin market.
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Cheah et al. (2018) added that this long-term dependence, for which they
had found significant evidence across markets, could provoke a ‘system failure” if
new regulations were to be introduced in the financial markets. Their results indicate
that Bitcoin markets are average to highly inefficient where the estimated memory in
prices can aid investors get profits. They also showed through the newly developed
fractionally cointegrated VAR® model of Johansen and Nielsen (2012) that contrary
to the general thought that the Bitcoin market is virtually detached from the real
economy, it is in fact inherently dependent to the dynamics of the real economy.
The observed inefficiency of Bitcoin could thus be, to some extent, regulated and
interconnected to the real economic system.

Wei (2018) found that, in the case of cryptocurrencies, efficiency is higher
and volatility lower in high-liquidity markets as traders are more prone to take ad-
vantage of arbitrage opportunities if returns show signs of predictability. Greater
transaction costs in markets where turnover is low affects the trader’s reaction speed
and readiness, resulting in a more inefficient market. Moreover, illiquid cryptocur-
rencies showed strong return negative-persistence (low Hurst exponent). These re-
sults suggest that even though major cryptocurrencies are improving as far as effi-
ciency is concerned, emerging altcoins with fairly low liquidity keep struggling.

Ji et al. (2019) also studied the efficiency of two Bitcoin price indices (USD
and CNY), in their papers, they use a more complex metric: the Efficiency Index,
which incorporates effects of long-memory, approximate entropy and fractal dimen-
sion. The time series spans from foundation of the two indices until July 2017. Start-
ing with the USD market, he observed there were just two longer periods of time
in which the market was efficient — from mid-2011 to mid-2012, and between March
and November 2014. Taken these two periods out of consideration, market effi-
ciency was rejected on a regular basis. However, the results are not as clear for the
CNY market as the examined time frame misses some major bubble-like dynamics
pre-2014. Overall, the only efficient periods were those of "cooling off", just after
prices skyrocketed. Other than these, the Bitcoin markets were clearly inefficient
and therefore, they were predictable. This paper showed the specific contributions
of the separate parts of the Efficient Index towards inefficiency. The division be-
tween each component of the index can be seen as the contribution of global cor-
relations, local correlations, and complex correlations. For the USD Bitcoin index
market, we observe some changes in the structural composition of inefficiency. Up
to 2014, entropy (thus complex correlations) played a major role which became less
and less important in recent years. Regarding the global correlations, their contribu-
tion always stayed relatively the same over all periods, and the original proportion
of entropy has faded in favour of fractal dimension. In the last years, inefficiency has
been essentially composed of the local correlations, in other words short-term peaks
and troughs. Ji et al. (2019)’s results favour inefficiency. One explanation they pro-
pose is that the market is still very shallow and thus it does not attract big players, so
there is no real deepening of the market. Although, this is likely to change with the
introduction of Bitcoin-based derivatives and assets tracking Bitcoin price. Still, the
liquidity of Bitcoin markets remains low relative to the equity or currency markets.
Besides, the Bitcoin price is still strongly dependent on exogenous factors related to
the legal and security domains. The nice features that are low/no regulations and
decentralization come at considerable cost. In addition, conditions vary quite a bit
depending on the exchange market, that is, there can be costly transaction fees (i.e.

5Value at Risk
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withdrawal fees) or (in)ability to pull the funds and turn them into the fiat currency.
Another difficulty in computing the effective profits comes when it’s time account
for taxation. Indeed, countries treat this matter differently and the debate about the
value-added tax and income tax on crytpocurrencies is still continuing.

Sensoy (2019) studied the weak-form efficiency of Bitcoin prices at high-
frequency (intraday prices) with respect to euro and US dollar. In his paper, he
performed permutation entropy using a rolling window for his test. The finding can
be regrouped in four main points. First, both markets have seen improvements in
efficiency at the intraday level since 2016, this supports and completes the works of
Urquhart (2016) and Bariviera (2017) on the recent improvement in efficiency at the
daily level. Nevertheless, the results of Sensoy (2019) show that this improvement
follows a cyclical structure in the case of BitcoinUSD (Bitcoin paired to USD). On the
contrary, the increase is more progressive in the case of BitcoinEUR (Bitcoin paired
to euro). Second, BitcoinUSD market barely shows to be more efficient than Bit-
coinEUR market since 2016. This could indicate that on the BitcoinEUR market one
could make more profit out of trading at the intraday level. Third, irrespective of the
choice of the currency, the higher the frequency the lower the efficiency. Fourth, lig-
uidity (volatility) has a substantial positive (negative) influence on the informational
efficiency of Bitcoin prices.

Tiwari et al. (2018) use estimators with both algorithmic efficacy and con-
structed efficiency index and show that Bitcoin market is efficient with some excep-
tion to the timeframe from April to August 2013 and from August to November
2016.

Finally, Vidal-Tomas and Ibafiez (2018) discuss the semi-strong efficiency of
Bitcoin in the Bitstamp and Mt.Gox markets, showing how the crytpocurrency reacts
to monetary policy and to Bitcoin events. They noted that, with time, Bitcoin became
more efficient with regard to its own events. Alternatively, Bitcoin is independent
of monetary policy news. Hence, there should not be any kind of control on the
cryptocurrency.

2.1.6 Introduction of futures

For traditional financial assets, stock futures let traders have positions with
leverage so we would expect most informed traders be attracted by this feature.
Despite the intuition, there is considerable evidence that the information share of
the stock futures is remarkably limited and the stock spot market seems to play
an important function in price discovery. Aggarwal et al. (2011) explored this phe-
nomenon and made two major observations. First, the liquidity of the stock futures
plays a major role in determining price discovery. The securities where the spot mar-
ket plays a great role usually are the securities with the least liquid stock futures.
The increased transactions costs seem to offset the benefits of leveraged trading. The
second observation is that in situations where prices make large movements, stock
futures seem to play a significant role in those movements.

In December 2017, both the Chicago Board Options Exchange and the Chicago
Mercantile Exchange introduced futures on Bitcoin. Baur, Dimpfl, and Kuck (2018)
researched to what degree this introduction offers useful information for the price
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discovery of Bitcoin. Based on Hasbrouck (1995) and Gonzalo and Granger (1995)
information share methodology they found that the spot price guides the futures
price. This is the opposite for the majority of financial instruments as most of the
time, it is the futures price that guides the spot price.

Bitcoin futures present new levels of risk for the economy, hence the neces-
sity to regulate them. Ryznar (2018) investigated the potential legislation for Bitcoin
futures and concluded that if Bitcoin futures trading were to proceed, it should be
supervised. Meanwhile, some observers believe Bitcoin will collapse. Undoubtedly,
the cryptocurrency has its share of flaws that could hinder its development, espe-
cially transaction processing takes a long time, the fees are quite significant, and
volatility is rather high. Anyway, lessons from Bitcoin are transferable to other cryp-
tocurrencies and Ryznar (2018) recommends prudence. Though the products are
new, their risks are well-known. These familiar hazards should be tackled to pre-
vent any financial distress.

2.1.7 Other aspects of cryptocurrencies

The promise of financial privacy has greatly contributed to the success of
cryptocurrencies. This being said, some woks that have investigated this topic sug-
gest this might be compromised. Reid and Harrigan (2013) explained that through
the use of an adequate network representation, one could associate many public-
keys with each other’s, and further associate these with external sources to identity
information. With right tools, the full activity of users could be described in detail.
This can be achieved via passive analysis alone. Even more, with active analyses,
where an interested party can deploy marked Bitcoin and interact with other users
can be leveraged to increase the level of information. The authors think that large
centralized services are able to recognize and to track substantial portions of user
activity. Technical members of the Bitcoin community have answered that strong
anonymity is not a primary design objective of the system. However, the average
user must be aware of this, especially when sending Bitcoins to users and to insti-
tutions with whom they would rather not to be openly associated with. Androulaki
et al. (2013) simulated Bitcoin transactions in day-to-day use in a university setting
and found that 40% of profiles could be recovered, and the users clearly identified
even when following privacy good practices. Biryukov and Pustogarov (2015) even
show a profound anonymity failure, it appears to be technically possible to match
the addresses of Bitcoin users with their actual IP addresses.

2.2 Market quality

Market quality is defined as “a market’s ability to meet its dual goals of
liquidity and price discovery” (O’'Hara and Ye, 2011 p. 463). In other words, a more
liquid market in which transaction costs are lower and where price discovery is more
efficient in comparison to other markets is considered of higher quality (O’Hara and
Ye, 2011). According to Marsh and Mazza (2017), whereas the definition of the con-
cept is clear and accepted, as of today there is still no consensus in the academic
world about the best way to measure market quality (or when there is a consensus,
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the data to compute the measure is not always available®). We have observed this
lack of uniformity ourselves while doing our literature review. First, most of the
academic research generally focus on one of the dimensions of market quality like
liquidity rather than adopting a general definition of the concept. It is therefore dif-
ficult to define a set of proxies that can capture all the facets of market quality and
the second element of divergence resides in the choice of proxies to measure the di-
mensions of market quality. They vary from one study to another either because a
study uses intraday data and another daily data, or either by preference of an author
for one proxy over another. In our opinion, the most general approach used to cap-
ture market quality available in the current literature is the one proposed by Marsh
and Mazza (2017). In their study, they measure market quality through a large set
of proxies designed around five dimensions: adverse selection, cost of immediacy,
liquidity, price efficiency and volatility.

Adverse selection

When asymmetric information affects market participation. Normally, traders meet
randomly in the market to trade assets but with adverse selection, only the current
asset owner can observe its quality, hence making trading more difficult (Chiu and
Koeppl, 2016).

Cost of immediacy

Can be defined as the return of transaction from the dealer’s perspective, in other
words the cost in order that the dealer accepts a quick shift in his inventory(Dick-
Nielsen and Rossi, 2018).

Liquidity

The degree to which transactions happen at short notice and fair price(Dick-Nielsen
and Rossi, 2018).

Price efficiency

Theory that price reflects complete information from all the market participants. Sta-
tistically, efficient prices should follow a Random Walk process (Dodd and Gilbert,
2016).

Volatility

The Volatility of the price of an asset is a statistical measure of the dispersion of the
asset’s price.

6Some research use daily data and measures while other use intraday data
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Now that we have introduced the concept of market quality, we will review
the main findings of related academic research in the following subsections. First in
sub2.2.1, we will go over the literature searching the presence of a common factor
in market quality movements. We overview the sources of this commonality factor
identified in academic literature and the implications of commonality on asset pric-
ing. Then in subsection 2.2.2, our topic is the impact of high-frequency trading on
the commonality factor, a topic emerging in recent research. Finally, we discuss the
influence of volatility regime market capitalization on commonality in subsection
2.2.3.

221 Commonality

We refer to commonality as the tendency of individual assets to move to-
gether in aggregate Marsh and Mazza (2017). Several aspects of individual shares
have been proven to exhibit commonality. One of the first research conducted on the
topic was the study of Heston and Rouwenhorst (1994), where the authors proved
that returns of stocks of the euro-area contained common components. However,
we will only interest ourselves to the part of the commonality literature focusing
on market quality. By extension to the definitions of commonality and liquidity,
“Liquidity commonality refers to market-wide liquidity movements” (Anagnostidis and
Fontaine, 2018, p.1). Chordia, Roll, and Subrahmanyam (2000) were among the first
to interest themselves in liquidity co-movements. In their study, they have shown
a high commonality degree in individual U.S securities” liquidity. After them, mul-
tiple other researches have also concluded in the presence of a common factor in
liquidity movements both at the exchange global level for different types of market
structures. Other significant findings were the fact that commonality in liquidity
can be observed in an order-driven market structure (Brockman and Chung, 2002)
and is stronger in times of financial crisis (Hameed, Kang, and Viswanathan, 2010).
Overviewing this stretch of the literature as a whole, Anagnostidis and Fontaine
(2018) make three important observations. First is the fact that so far, a large part
of the research has focused on liquidity commonality only inside financial markets.
Another point is the fact that most of the studies have been focused on U.S. equity
market, while there are less focused on Euro-area stocks. Last is that collectively, the
empirical findings conclude strongly in the presence of significant commonality in
liquidity inside financial markets and highlight the time-varying nature of liquidity.

More recently, Marsh and Mazza (2017)” researched market quality com-
monality using a comprehensive and more general definition of the concept, using
a variety of proxies to capture the dimensions detailed in section 2.2). The results
of their study also suggest that there exists a large commonality in market quality
movements both for sector aggregates and country indexes in their datasets, which
is a consistent extension of the findings of previous research.

In order to assess commonality, two main methodologies were used in aca-
demic research. The first is the ‘market model” regressions used by Chordia, Roll,
and Subrahmanyam (2000) where liquidity measures of an asset are used in regres-
sions against market measures of liquidity and control variables. The second is the

’The research is in fact a preliminary version not yet published. We contacted one of the authors of
the article (Paolo Mazza) who gave us his accord to quote the preliminary version of his work



2.2. Market quality 15

one of Hasbrouck and Seppi (2001), which consists in using principal component
and canonical correlation analyses to determine the existence of common factors.

Sources and pricing of commonality in market quality

Following the research treating the existence of a common factor in mar-
ket quality movements across stocks, several authors have tried to investigate the
sources of this factor (Brockman, Chung, and Pérignon, 2009 ; Fernando, 2003 ;
Hameed, Kang, and Viswanathan, 2010 ; Huberman and Halka, 2001 ; Kamara,
Lou, and Sadka, 2008 ; Karolyi, Lee, and Van Dijk, 2012). In the related academic
literature, researchers have proposed various hypotheses to explain liquidity co-
movements, like heterogeneity in the liquidity demand (Fernando, 2003), volatility
of the market (Hameed, Kang, and Viswanathan, 2010), macroeconomic announce-
ments (Brockman, Chung, and Pérignon, 2009), country-level factors related to ei-
ther supply or demand of stocks (Karolyi, Lee, and Van Dijk, 2012), ownership of
institutional stocks (Kamara, Lou, and Sadka, 2008) or trading effects (Huberman
and Halka, 2001) to name a few. Taking a step back, the literature as a whole has
used mainly two established price variation frameworks of financial markets to ex-
amine and analyse liquidity commonality : the asymmetric information framework
and the inventory control framework (Anagnostidis and Fontaine, 2018). In their
paper, Klein and Song (2017) classify all the hypotheses regarding the sources of
commonality sources in two groups, by saying that the results from the body of
literature suggests that liquidity commonality can emerge through either demand
channels (Koch, Ruenzi, and Starks, 2016 ; Kamara, Lou, and Sadka, 2008) or sup-
ply channels (Coughenour and Saad, 2004). To illustrate this classification, we take
the examples proposed by Anagnostidis and Fontaine (2018) for the supply channels
(“For example, in quote driven systems, liquidity commonality may emerge from common in-
ventory adjustments by market makers who handle common pools of shares”(Anagnostidis
and Fontaine, 2018, p.2)) and for demand channels ("Liquidity commonality may also
emerge in order-driven systems due to common security price variations, within the mar-
ket level, as well as due to common market trends that, in turn, lead to common portfolio
adjustments by investors.” (Anagnostidis and Fontaine, 2018, p.2))

Moshirian et al. (2017) make a more detailed analysis of all the market-level
determinants of liquidity commonality. They divide market-level determinants into
three categories: economic and financial factors, environment information and in-
vestor protection factors, cultural and behavioural factors. They hypothesize that
liquidity commonality is not only determined by some specific market-level deter-
minants but also by some specific firm-specific characteristics. The results of their
research show that both market and firm factors have significant effect on liquidity
commonality. More specifically, they find that liquidity co-movements are higher
in environments with “weaker and more volatile economic and financial condi-
tions, minimal investor protection, and information opacity” (Moshirian et al., 2017,
p- 36) and that at the firm-level, there is a significant association between liquid-
ity commonality and firm transparency, correlated trading and stock performance
(Moshirian et al., 2017). As such, they found that a firm with greater transparency
has lower liquidity commonality (suggesting an increase of commonality with in-
formation asymmetry), a positive relationship between liquidity commonality and
analyst forecast error and a negative one between liquidity commonality and ana-
lyst coverage. Some studies have also tried to analyse investor sentiment as a factor
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driving liquidity commonality, but results are mixed (Lee, Tseng, and Yang, 2014).

Another area of focus of the literature is the relative contribution of indus-
try and country returns commonalities in Europe due to the behavioural change of
fund manager after the start of the euro currency (Marsh and Mazza, 2017). The
same authors point out that the liquidity commonality literature generally focus on
a one-country level in their research and lacks international analysis present in the
cousin literature. This particular aspect was investigated by Marsh and Mazza (2017)
for market quality and they concluded in the presence of large commonality in mar-
ket quality movements for both sector and industry aggregates.

As explained in Chapter 1, the topic of our thesis has a significant impor-
tance for the asset pricing theory (related to cryptocurrencies in our case). In the
common asset pricing theory, the expected return of a stock depends on the varia-
tion of other states variable (Beaupain, Giot, and Petitjean, 2010). The liquidity of a
market, portraying the co-movements between the liquidity of the market’s stocks,
has been proven to be one of those state variables included in the price of a stock
(Acharya and Pedersen, 2005 ; Amihud and Mendelson, 1986 ; Amihud, 2002 ; Gib-
son and Mougeot (2004) ; Jacoby, Fowler, and Gottesman (2000) ; Lee, Tseng, and
Yang, 2014 ; Moshirian et al., 2017 ; (Pastor and Stambaugh, 2003)). However, aca-
demic research in this area is still in its infancy according to Moshirian et al. (2017),
as we do not have a good understanding of the role of liquidity commonality in the
pricing of assets.

2.2.2 Impact of high frequency trading

More recently with the rise of high-frequency trading, some articles have
examined the impact that high frequency trading can have on liquidity and liquidity
commonality. Most of the research are focused on the impact of high-frequency trad-
ing on the liquidity of individual liquidity (we won’t review them), but some have
analysed the role of high-frequency traders on co-movements in liquidity (Anagnos-
tidis and Fontaine, 2018). This topic is relatively less relevant for cryptocurrencies as
high frequency trading is not widespread and made difficult by the long time nec-
essary to validate cryptocurrency transactions. However, an article from the Finan-
cial Times(Nicole, 2017) mentioned that the frequent price swings of cryptocurren-
cies are attracting more and more high-volume traders and that several large high-
frequency trading companies have already started trading cryptocurrencies. Fur-
thermore, some exchanges are beginning to offer client servers so we expect some
forms of high-frequency trading to become common place in the cryptocurrency
market.

High-frequency trading (or HFT), is a method of trading where automated
computers act as traders through lightning-fast speed interactions with electronic
trading platform (Benos et al., 2017). They have known a rapid growth recently and
are now a common feature of modern markets. High frequency traders rely on a
less varied set of trading strategies (Brogaard, 2010), like using arbitrage strategies
to exploit a momentary mispricing between products or directional trading strate-
gies based on new information (Breckenfelder, 2019). In their research paper, Klein
and Song (2017) make a review of the advantages of high frequency traders exposed
so far in academic literature. The main idea is that they improve the overall market
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quality by treating new information more efficiently and by reinforcing the compe-
tition:

“They increase market liquidity (Brogaard 2010, Jovanovic and Menkveld 2016),
reduce short-term volatility, at least during normal market conditions (Has-
brouck and Saar 2013, Hagstromer and Nordén 2013), and contribute positively
to price discovery (Brogaard, Hendershott, and Riordan 2014). They reduce
the trading costs of retail traders (Malinova, Park, and Riordan 2016), keep
fragmented markets virtually consolidated (Menkveld 2013) and might even in-
crease social welfare (Jovanovic and Menkveld 2016).” (Klein and Song, 2017,

p.0)

In their research, O’Hara and Ye (2011) show that through market fragmen-
tation, new trading platforms reduce effective spread of transactions costs, trans-
action speed, improve competition and overall efficiency. They also find that the
magnitude of the impact varies according to listing and size regimes, fragmentation
being particularly beneficial for small stocks. Despite those advantages, they also
involve some market-level risks of increased liquidity spill overs:

“In addition to an increase in adverse selection costs for other traders (Biais,
Foucault, and Moinas 2015; Foucault, Kozhan, and Tham 2017), and the likely
contribution of HFTs to high volatility during the Flash Crash (Kirilenko et al.
2017; Easley, Lépez de Prado, and O’Hara 2011), the July 2011 International
Organization of Securities Commissions (I0SCO) Technical Committee report
emphasizes the effect HFT activity might potentially have on the transmission
of extreme shocks across different markets and asset classes.1 In their theoretical
paper, Cespa and Foucault (2014) show that cross-asset learning leads to liquid-
ity spill overs across asset classes, and a small drop in liquidity of one asset can
even cause a market wide liquidity crash.” (Klein and Song, 2017, 2018, p.0)

What about the impact on common movements of market quality then?
Intuitively, as high frequency traders use the same type of trading algorithms and
their trading strategies present common characteristics (Brogaard, 2010), we expect
them to favour commonality in market quality through common co-movements in
the demand and supply of stocks. In this respect, Klein and Song (2017) have shown
through the staggered entrance of an alternative platform to trade European equi-
ties using high frequency trading (Chi-X) that liquidity co-movements in the ag-
gregate national home market significantly increased after the introduction of the
platform in the country. Their findings are aligned with the idea multimarket high-
frequency traders provoke stronger network-wide co-movements in liquidity, sub-
sequently making liquidity shocks easier to propagate through markets. In their
research, Anagnostidis and Fontaine (2018) obtained results that lead to similar con-
clusions. They find that investors would have to pay higher transaction costs in the
absence of high-frequency trading and that high-frequency trading implies strong
liquidity commonality that increases the risk of having more non-diversifiable costs
related to liquidity for traders (similarly to the results of Jain, Jain, and Mclnish
(2016) conducted on the Japanese market).
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2.2.3 Volatility regimes and liquidity distributions

In their study, Beaupain, Giot, and Petitjean (2010) study the impact of
volatility and market capitalization on liquidity co-movements. Using a restricted
selection of stocks listed on the New York Stock Exchange (NYSE) to class A shares,
they show that the magnitude of common liquidity movements has a positive rela-
tionship with market capitalization on average (in other words, common liquidity
movements are more intense among stocks with high capitalization and less intense
for among stocks with small capitalization). However, the degree of pervasiveness
is the same whatever the market capitalization.

Furthermore, Beaupain, Giot, and Petitjean (2010) also condition the previ-
ous analysis of the common movements in liquidity between portfolios of different
capitalization upon volatility by defining three volatility regimes (low volatility, neu-
tral volatility and high volatility). They show that liquidity co-movements for large
caps are greater in quiet markets (common variations of adverse selection costs and
inventory dominates the specific variations of a stock) and less important in stress-
ful markets (stock-specific variations costs dominate). The same trend is observed
for medium capitalization portfolios, but with less sensitivity to volatility. Finally,
for portfolios of stocks with small capitalization, common liquidity movements are
weak for both volatility regimes.

2.3 Market quality of cryptocurrencies

Even though the current academic literature on market quality of cryp-
tocurrencies has barely been researched, two working papers came out during the
time we spent working on our master’s thesis on the topic. The first is a study of Bit-
coin Liquidity (Marshall, Nguyen, and Visaltanachoti, 2019) and the second a study
of the common factor structure in the returns and realized volatility of cryptocurren-
cies (Liu et al., 2019).

In their research, Liu et al. (2019) highlights the fact that the knowledge
about the characteristics of cryptocurrencies as financial assets are still lacking in
academic literature. They use high frequency trades data and quotes of the nine most
liquid cryptocurrencies against Bitcoin to document the factor structure of volatility
and returns, test whether major macroeconomic factors drive them and the impact
of the Bitcoin Bubble. Among the stylized facts that the study shows, we note that
they document stronger factor structure for the volatility compared to returns and
that the factor structure model had a stronger explanatory power during the bubble.

Marshall, Nguyen, and Visaltanachoti (2019) also point out the lack of lit-
erature treating the subject of cryptocurrency’s liquidity, in sharp contrast with the
profusion of research on the liquidity of traditional financial assets. In spite of the
fragmented nature of the Bitcoin market, they find strong evidences of a systematic
component in the liquidity of Bitcoin. They also show that Bitcoin is not as strongly
influenced as traditional assets by factors influencing stocks liquidity and that lig-
uidity plays a key role in the price formation for Bictoin.
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Methodology

The objective of the present Chapter is to explain the underlying approach
to the empirical chapter. It also aims at providing a justification of the methods we
chose in our attempt to address the problematic of our research. Concretely, this
Chapter is divided into two sections. In light of our literature review, we refine
our problematic into several research questions and empirical hypotheses in section
3.1. In section 3.2, we describe the methods we followed to test our hypotheses and
answer our research questions.

3.1 Research questions and hypotheses

As developed in Chapter 1, the subject of our work is the co-movements
in the market quality of cryptocurrencies. More specifically, our problematic con-
sists in verifying whether the main findings of literature about market quality co-
movements are transferable to recent cryptocurrency data. As stated in Chapter 1,
the specific formulation of our problematic is :

“What findings of the academic literature about the market quality co-
movements of traditional assets can be transferred to cryptocurrencies in
2017/2018?”

In order to answer our problematic, we already reviewed the main findings
and discoveries of the academic literature about cryptocurrencies and market qual-
ity in Chapter 2. Considering our review of literature and given the data available
for us to conduct our research, the themes treated in academic literature that are rel-
evant and possible to investigate with our data are the presence of a common factor
in market quality of cryptocurrencies, its evolution across several periods and the
influence of volatility regimes on liquidity of cryptocurrencies.

3.1.1 Commonality in market quality

As explained in subsection 2.2.1, the presence of a common factor in mar-
ket quality or dimensions of market quality such as liquidity is a well explored sub-
ject in academic literature on traditional financial assets but is barely researched for
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cryptocurrencies (only the liquidity of Bitcoin and the common factor structure of
cryptocurrencies’s volatility). Therefore, we investigate the presence of a common
factor in market quality movements of cryptocurrencies. Given the specific proper-
ties of cryptocurrencies as financial assets detailed in subsection 2.1.4 and the fact
that cryptocurrencies markets are still immature, we expect to find the presence a
common factor in market quality movement of our set of cryptocurrencies.

Research question 1 : There is a common factor in the market quality movements
of our set of cryptocurrencies within our period of interest.

Furthermore, given the distinctive features of cryptocurrencies, we expect
differences in the intensity of the common movements of market quality of cryp-
tocurrencies compared to other traditional assets. We would a priori assume the
commonality factor to be more important for cryptocurrencies given their proper-
ties compared to traditional assets (more illiquid, more volatile, less price efficient,
etc.). However there are few academic researches with which we could compare our
results (Marsh and Mazza (2017) work on a very different period from ours so the
comparison would not be relevant) and reproducing our analysis on traditional as-
sets to produce a comparison could be the topic of another master’s thesis in itself.
Consequentially, it is difficult to translate this intuition into a hypothesis that can
be verified experimentally. However as Liu et al. (2019) and Christoffersen, Lunde,
and Olesen (2019) also apply Principal Component Analysis to assess commonality
in returns and realized volatility of cryptocurrencies and commodities respectively,
we can still compare a part of our results.

Research question 2 : If a common factor exists in the Realized Volatility and
Returns movements of our set of cryptocurrencies, the first component of the
PCA for those proxies on our set of cryptocurrencies are more important than
those documented by Christoffersen, Lunde, and Olesen (2019) for commodities.

3.1.2 Improvement of market efficiency, introduction of futures on Bit-
coin and Bitcoin bubble

Among the most discussed topics of the cryptocurrency literature, three
subjects attracted our attention in particular. First is that the cryptocurrency market
has been shown to improve in efficiency over time as discussed in subsection 2.1.5. It
could be interesting to see if this trend can also be observed in our datasets in terms
of market quality. A comparatively more efficient market would translate into lower
co-movements of market quality, so we would naturally expect the commonality
factor to decrease from the beginning to the end of the studied period. We thus
make two snapshots of liquidity at the beginning and the end of our working period
to compare the results using PCA.

Research question 3 : The principal components of the PCA for every proxy of
market quality are higher for our set of cryptocurrencies in the three first months
of our period of interest compared to the last three months of the period.
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The second and third topics of academic literature we chose to explore is
the introduction of futures on Bitcoin and the bubble of Bitcoin. For the first event,
some articles highlighted the potential of futures product to disrupt markets. As
some evidences in the literature like Kumar, Sarin, and Shastri (1995) have shown
that option listing improves market quality, we expect the commonality factor to
decrease after the introduction of Bitcoin. For the second event and as discussed in
subsection 2.1.3, the Bitcoin was in a bubble for a part of our working period. Liu et
al. (2019) dates the end of the Bubble to the 28th of January 2018. They also show that
their model was more powerful in explaining variations in returns and volatilities
during the period of the bubble, so we expect commonality in market quality to
be higher in the period preceding the end of the bubble compared to the period
following it. Like for the improvement of market efficiency, we make two snapshots
of market quality commonality before and after the introduction of futures products
and the end of Bitcoin bubble to compare the results using PCA.

Research question 4 : The principal components of the PCA for every proxy of
market quality are higher for our set of cryptocurrencies during the three months
preceding the introduction of Bitcoin futures compared to the three months fol-
lowing the introduction of Bitcoin futures.

Research question 5 : The principal components of the PCA for every proxy
of market quality are higher for our set of cryptocurrencies during the month
preceding the end of Bitcoin bubble compared to the month following the end of
Bitcoin bubble.

3.1.3 Influence of volatility regimes

In subsection 2.2.3, we discussed the impact of volatility regimes on liquid-
ity commonality of traditional financial assets for small, middle and large caps. The
impact of the volatility regimes on liquidity commonality is exploitable experimen-
tally with our datasets but the analysis conditioned on market capitalization would
not be relevant as we only have data for five cryptocurrencies from one exchange.
Intuitively, we would expect the behaviour of our group of cryptocurrencies to be
similar to the high market capitalization portfolio described in the article of Beau-
pain, Giot, and Petitjean (2010), meaning a higher liquidity commonality in quiet
markets given the high capitalization of cryptocurrencies described in Appendix C.

Hypothesis 1 : The commonality in liquidity in our set of cryptocurrencies is
higher in low volatility regimes compared to high volatility regimes during the
period of interest.

3.1.4 Evolution of liquidity commonality

In order to complement the comparison of PCA results across periods dis-
cussed in subsection 3.1.2, we test for the significativity of the evolution of com-
monality across the same periods, formulating the three following hypotheses (the
economic intuitions behind the hypotheses is explained in research questions 3 to 5):
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Hypothesis 2 : Commonality in liquidity is significantly higher for our set of
cryptocurrencies in the three first months of our period of interest compared to
the last three months of the period.

Hypothesis 3 : Commonality in liquidity is significantly higher for our set of
cryptocurrencies during the three months preceding the introduction of Bitcoin
futures compared to the three months following the introduction of Bitcoin fu-
tures.

Hypothesis 4 : Commonality in liquidity is significantly higher for our set of
cryptocurrencies during the month preceding the end of Bitcoin bubble compared
to the month following the end of Bitcoin bubble.

3.2 Description of our methodology

3.2.1 Assessing commonality in market quality

In order to assess commonality in market quality movements, we repro-
duce the methodology of Marsh and Mazza (2017), which is in fact a combination
of approaches used in academic literature. The originality of their approach lies in
their choice of proxies to capture market quality. They proceed in four steps :

1. Merge the trade and order book datasets

Marsh and Mazza (2017) work with intraday data separated into trade datasets
and order book datasets. The very first step of their methodology consists in
merging the trades and order books for each cryptocurrency by matching a
trade with the quote prevailing at the time of the said trade. Starting by merg-
ing the two datasets allow them to compute all their proxies more easily as
some are built from variables of both trades and quotes. However, it would
not be consistent for us to use their merging rule as there is a discrepancy in
our datasets between the frequency of observations for quotes and trades. In-
deed, in the trade datasets we have generally an observation when they occur
whereas we have only one observation per minute at the beginning of the or-
der book datasets of each cryptocurrency. In our case, matching a trade with
the prevailing quote at the time of the trade would result with the same quote
being assigned to a lot of trades, which would introduce a bias in some of our
proxies. A workaround consists in merging the two datasets based on time
aggregates. We separately aggregate the data of the two datasets on 30 min-
utes intervals and then merge them using the time as key. As the authors later
aggregate the data in 30 minutes intervals, our workaround has almost no con-
sequence except for the Percentage Price Impact proxy that can no longer be
computed with the same formula. When constructing their time aggregates,
Marsh and Mazza (2017) use the mean as aggregation rule. We will do the
same as robustness check but our main methodology will use the median in-
stead, as explained in section 4.3.
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2. Construct the proxies for the dimensions of market quality and aggregate them on 30
minutes intervals

As discussed in section 2.2, Marsh and Mazza (2017) summarize the concept of
market quality through five dimensions. In their empirical part, they compute
several proxies for each dimension. Their analysis in their research is focused
around six proxies, the rest of the proxies being meant as robustness checks. In
our framework, we decided to use only their six main proxies, which are Re-
alized Spread for Cost of Immediacy, Percentage Price Impact for Adverse Se-
lection, a modified version of Amihud (2002) for Liquidity, the absolute value
of the returns autocorrelation of the midpoint prices for Price Efficiency, Real-
ized Volatility and Quote Return Volatility of the midpoint prices for Volatil-
ity. We compute all proxies by following the definitions and formulas used by
Marsh and Mazza (2017) except for Percentage Price Impact, were we replace
the midpoint price by the trade price because we were unable to merge the
datasets with the same rules as the authors due to the discrepancy between
the frequency of observations of the trade and order book datasets'. Again,
we use the median instead of the mean as aggregation rule (see section 4.3).
All the details of the definitions and formulas for each proxy can be found in
Appendix A.

3. Standardization of the proxies

We reproduce the standardization procedure applied by Marsh and Mazza
(2017), in accordance with Hasbrouck and Seppi (2001) and Corwin and Lip-
son (2011). This standardization procedure aims at removing intraday patterns
by using the interval-specific mean and standard deviation of each cryptocur-
rency. The standardized variables are computed as follow :

2ipg = 04— Hip 3.1)
aip

Where z;,, is the standardized variable observed for asset i on interval p of
day d, x;p4 is the variable before standardization for asset i on interval p of
day d, p;p and 0, are the mean and standard deviation of asset i for the time
interval p. As cryptocurrencies are traded all the time, we have 48 intervals
per day (and thus 48 interval-specific means and standard deviations for each
cryptocurrency).

4. Apply Principal Component Analysis (PCA)

Like suggested by Hasbrouck and Seppi (2001) and used by Marsh and Mazza
(2017), we use Principal Component Analysis (PCA) to measure the co-movements
of each proxy of market quality across our five cryptocurrencies. PCA is a de-
scriptive method that uses the variance-covariance matrix of the input vari-
ables to create new variables called principal factors that should represent the
input dataset in a better way (Marsh and Mazza, 2017). If we note x;; the
market quality proxy for cryptocurrency i at time t and our dataset contains

IThe formula of Percentage Price Impact used by Marsh and Mazza (2017) use the midpoint price
and the direction of a trade at time t, which comes respectively from the order book datasets and trade
datasets
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N cryptocurrencies and T periods, then our dataset can be represented by a
matrix X = [X3, Xy, ..., Xn| where each X; is a vector of length T. In our case,
there are as much principal factors (noted F;) as original variables N and they
are constructed by linear combination of the original variables :

Fj = ulel + uszz + ...+ LleXN (3.2)

The first component is constructed in a way that maximizes the explanatory
power by maximizing the variance along its axis (Marsh and Mazza, 2017).
The second factor is also built in such way that it maximizes the variance along
its axis and is orthogonal to the first factor. The total variance of the input
and output datasets are the same however the first k principal components
are able to explain more variance than k input variables because of the way
they were built. In other words, we are able to capture a large proportion of
the variance with a smaller number of components. In our application, the
greater the variance captured by our principal components for a given proxy
the greater the commonality across our five cryptocurrencies for that proxy.
To obtain our principal factors, we extract the eigenvalues and eigenvectors of
the variance-covariance matrix of the original dataset. The first and highest
eigenvalue (A1) corresponds to the first principal factor’s variance, the second
highest () corresponds to the variance of the second principal component,
and so on. Finally, we assess the importance of a factor by the ratio of the
proportion of total variance that the factor explains :

A (3.3)
LA

In our case, the presence of commonality should translate into a first factor to
which most stocks correlate positively.

We extend the methodology by adding two steps of our own in order to

compare snapshots of market quality commonality at different periods and make
some simple robustness checks.

5. Reiterate PCA over other periods

We reiterate step 4 on different time intervals in order to have snapshots of
commonality at different times. More specifically, we conduct PCA over the
first three months of the sample (from the 11th of August 2017 until the 11th
of November 2017) , the last three months (from the 21th of April 2018 until
the 21th of July 2018), the three months preceding the introduction of futures
on Bitcoin (from the 10th of September 2017 until the 10th of December 2017),
the three months following it (from the 10th of December 2017 until the 10th
of March 2018), the month preceding the end of Bitcoin bubble (from the 28th
of December 2017 until the 28th of January 2018) and the month following it
(from the 28th of January 2018 until the 28th of February 2018). Our reference
for the date of the introduction of futures on Bitcoin is the day where the CBOE
launched trading in Bitcoin futures products, the 10th of December 2017 Ryz-
nar (2018). The reference for the end of Bitcoin bubble is the 28th of January
2018, as dated by Liu et al. (2019).
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6. Robustness checks

In order to test if our results are robust to small changes in methodology, we
also reproduce all the previous steps by applying the mean instead of the me-
dian for the time aggregates and by checking the results without standardiza-
tion procedure.

3.2.2 Assessing the impact of volatility regimes on liquidity commonality

In order to assess liquidity co-movements conditioned on volatility regimes,
we replicate a part of the methodology of Beaupain, Giot, and Petitjean (2010). We
compute six proxies of liquidity for each cryptocurrency and regress them against
market-wide liquidity proxies and other variables. The regressions are conditioned
upon three volatility regimes: high, medium and low. The whole procedure is di-
vided into 9 steps:

1. Merge trade and order book datasets.

As we will use regressions in this part of the work to assess liquidity common-
ality conditionally to volatility regimes, we merge the trade and order book
datasets at the beginning of the methodology despite the discrepancy in fre-
quency of observations in the beginning of the period. We merge the trade
and order book datasets of every cryptocurrency by matching a trade with the
prevailing quote at the time of the trade. In order to take into account the time
jumps caused by missing quotes, we drop all the trades for which we do not
have a quote 60 seconds before the time of the trade.

2. Compute six aggregated liquidity proxies over 15-minute intervals.

The liquidity proxies are constructed by :

(a) Computing four base liquidity proxies for every trade and computin
puung q yPp y putng
quote duration.

(b) Aggregating the proxies over 5 minutes intervals using the median as
aggregation rule.

(c) Compute the six final liquidity proxies over 15 minutes intervals using
the 5 minutes proxies and different weighting methods.

In (a), we compute two ex-ante and two ex-post liquidity measures for every
trade. The ex-ante measures are the Proportional Quoted Spread (PQS) and
the Quoted Depth (DEPTH). They are defined as follows:

A

B
PQSt — Pt

— Py
p!

(3.4)

B

A
DEPTH, — @ (3.5)
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Where at time ¢, p{* and p? are the best quoted ask and bid prices respectively
and pM is the best mid-quote, defined as the simple average of the p; and
pB. Similarly, g/* and g? are the quantities of a given cryptocurrency available
for the best ask and bid respectively. The ex-post liquidity measures are the
Proportional Effective Spread (PES) and the Proportional Traded Spread (PTS),
defined as :

trade _ .M

PES; = 2D, PPt (3.6)
Pt
PTS; = P ];S d (3.7)

Where D; is the direction of the trade at time t (+1 for buy orders and -1 for sell
orders) and p!rad¢ is the trade price. Next is the inclusion of a quote-duration
feature in our datasets by counting the time quotes remained unchanged in
the order books. We make two assumptions to compute this new feature.
First, given that most of the snapshots of our order-books are given with a
one-minute frequency in the beginning of the period (later on the frequency of
observations increases), we consider that the time-step between two consecu-
tive snapshots of the order-books should be at most 60 seconds. We do this be-
cause we have to deal with missing snapshots of our order-books (sometimes
hours or even days are missing). Whenever there are missing observations like
these, the time difference around these can be quite large. Thus, after spotting
missing values, we replace this disproportionate time-steps with the mode of
time steps between observations. Our second assumption is that whenever
we have following valid observations were the quote stays the same, we up-
date the duration of the unchanged quotes. This is done after computing all
quote duration in the following way : for every block of x consecutive valid
but unchanged observations indexed {t —x+1,t —x+2,...,t}

Vie{t—x+1,t—x+2,...,t —1} : duration; = duration;

In other words, we assign the same quote duration to all the observations in
the same block (and the duration of the block is the sum of the duration of the
unchanged quotes). An important remark with respect to the quote duration
is that the precision of this feature is limited by our datasets as quotes are
provided every minute at the beginning of the period. It is possible that some
quotes changed between two observations and we missed it due to the low
frequency of observations.

After having computed our base liquidity proxies and added a quote duration
feature (a), we now aggregate the proxies on 5 minutes intervals (b). This in-
termediary step fulfils two objectives. First is the reduction of the amount of
data to treat before moving on to the weighted proxies. The initial amount of
data being very demanding in terms of computing power. Second is to reduce
the weights of outliers by using the median as aggregation rule. We aggregate
our data into 5 minutes intervals and only keep the intervals containing at least

three observations 2.

2We have 345 trading days x 288 five-minute intervals per day = 99360 intervals. By rejecting the

intervals with less than 3 trades we manage to keep 97% of the intervals. The rejected intervals ranged
from 1% to 5% of the total number of 5 minutes intervals for each cryptocurrency. Moreover, there is no
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Lastly comes (c), where we compute our final proxies by aggregating the out-
puts of (b) over 15 minutes intervals using different weighting methods : equal
weights, size weights and time weights. We use equal weights to compute
the Equally-Weighted Proportional Quoted spread and the Equally-Weighted
Depth hereafter referred to as EWPQS and EWDEPTH. We then use size-weighted
averages for one ex ante liquidity proxy. Specifically, PQS; is weighted by
DEPTH; to compute the Size-Weighted Proportional Quoted Spread SWPQS.
PES; and PTS; are weighted by the amount; to compute the Size-Weighted
Proportional Effective Spread SWPES and Size-Weighted Proportional Traded
Spread SWPTS. Note that, in the case of SWPTS, the process is slightly differ-
ent. We compute the weighted averages of our proportional traded spreads
PTS and weight them by their respective trades amount. We the add these
two weighted averages to construct our SWPTS. The last aggregation method
is time-weighting, where we weight each PQS; by the number of seconds its
corresponding quote remained unchanged to compute the Time-Weighted Pro-
portional Quoted Spread TWPQS.

3. Assessing daily volatility regimes.

This step consists in adding a flag for each day to indicate if the volatility
regime of the day was low, medium or high. To do that, we use the daily
values of the VCRIX® which is a volatility index on cryptocurrencies. Just as
VIX is induced from option prices in the S&P500 index, VCRIX is calculated
from option-prices on the CRIX. CRIX stands for crypto-currency index and it
is made freely available and hosted by Humboldt University of Berlin. We clas-
sify the daily volatility into one of the three regimes using an arbitrary thresh-
old rule. We take the 33" percentile and the 67" percentile of the VCRIX as
lower and upper bounds respectively (if the value of the volatility for a given
day is in the 67th percentile over the period, we assign a high volatility regime
flag, low volatility regime for the 33" percentile and medium in-between).

4. Compute market-wide variables and individual volatility.

For each of the six liquidity proxies and for each cryptocurrency, we calculate
the simple average of that specific liquidity proxy over all other cryptocurren-
cies and call these "market liquidity proxies". To simplify the notation, if L;;
denotes a liquidity proxy for cryptocurency j at time-interval ¢, then the mar-
ket liquidity proxy associated will be noted L. Similarly, we calculate the
log-returns of our time series with the same notation convention : we note R;;
the log-return on cryptocurrency j at time ¢t and R+ the corresponding market
log-return. In addition, we compute V;; the concurrent change in the volatility
of cryptocurrency j at time ¢, which is in fact proxied by its squared log-return
R?,.

it

5. Standardization

clear pattern in the time distribution of the rejected intervals. Mostly, they do not account for extreme

values in any of the variables.

Suww.thecrix.de
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Before each regression detailed in the next step, we pre-process all the indepen-
dent variables by removing intraday seasonality. We follow the same standard-
ization procedure explained in step 3 of subsection 3.2.1 but using 15 minutes
intervals.

. Regressions on liquidity proxies, unconditioned upon volatility regimes.

We regress each proxy for each cryptocurrency using the equation below. The
goal is to assess liquidity co-movements unconditioned upon volatility regimes.

+1
Liy = aj+ B1jLmt + BojLmi—1 + B3 jLmerr + v Vir + ‘Zl Oi iR t+i +€j
=
(3.8)

Where L;; denotes a liquidity proxy for cryptocurency j at time-interval ¢, Ly
is the associated market liquidity proxy at time ¢, Vj; is the concurrent change
in the volatility of cryptocurrency j at time t and Ry is the market log-return
at time t.

. Regressions on liquidity proxies, conditioned upon volatility regimes.

We regress each proxy for each cryptocurrency using the following equation :

3 +1
Lit = Y Dii(ajx+ BixLar + vjLi—1 + i Vie + Y 6ijaxRamiri) + € (3.9)
k=1 =1

where Dy, is a dummy variable that takes the value of 1 when the volatility
of the day is of type k, we use k = 1, k = 2, k = 3 for low volatility, medium
volatility and high volatility regimes respectively. This equation differs from
the regression in equation 3.8 in the fact that it includes a dummy variable Dy,
as an indicator of volatility regimes (1 for low volatility, 2 for medium volatility,
3 for high volatility). It excludes Lag and Lead market-liquidity proxies and
includes a 1-lag version of the dependent variable as a regressor. Furthermore,
for any market-liquidity proxy variable, we define ;3 as the slope for that
given variable and use it as a base category. We the define ;> and B;; as
increments with respect to the base category f; 3.

. Hypotheses test

For each regression irrespective of the volatility regime presented in equation
3.8, we make three statistical tests. The first test is a Wald test, testing Hy :
B1j + B2 + B3 = 0. This test brings information on the pervasiveness of the
common movements by getting rid of rapid variations and testing whether
smoothed-out liquidity co-movements exist. The second test is another Wald
test, this time testing Ho : yj = 6_1; = dpj = 61, = 0. This test evaluates the
influence of all the other variables not directly related to market liquidity from
regression equation 3.8. The third test is simply a F-test, which is here to test
whether the fit of the intercept-only model is equivalent to the fit of the whole
model.
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Now for all the regressions conditioned on volatility discussed in equation 3.9,
we only make two unilateral F-tests. The t-statistic of coefficient ;3 has the
same meaning as before, but now for ;, and B; 1, the t-statistics comes from
tests that check if the difference between the slope for their category and the
slope of the reference category is null or not. Since these statistics are used to
test Hy : Bj1 = Bj3 , we can use them to test Hy : ;1< or >B;3 against its
corresponding opposite one-sided alternative hypothesis.

9. Robustness checks

In order to test if our results are robust to small changes in the methodology,
we repeat all the previous steps without the standardization procedure, by
applying the mean instead of the median as aggregation rule and by working
with 30 minutes intervals instead of 15 minutes.

3.2.3 Evolution of the commonality in liquidity across periods

In order to test hypotheses 2, 3 and 4 and see if there are significant evolu-
tion of commonality in liquidity across the three pairs of periods, we proceed in two
steps.

1. Daily regressions on liquidity proxies

We use the same liquidity proxies detailed in subsection 3.2.2 and use equation
3.8 to make daily regressions for each day belonging to our working period.

2. Tests of means

Using the R? of the daily regressions computed in the previous test, unilateral
tests of means with a t-stat to reject or accept the null hypothesis.

3. Robustness check

We repeat the same procedure but with weekly regressions instead of daily
regressions in order to verify that our results are consistent.

In total, we compare the power of the market model across three pairs of
periods by making three tests of means. If we note y1 the mean of the R? of the daily
regressions during the first three months of our period of interest, y, during the last
three months, y3 during the three months preceding the introduction of futures on
Bitcoin, p4 during the three months following it, us during the month preceding
the end of Bitcoin bubble and e during the month following it, we conduct the
following tests :

Test] :
Hy = <o (3.10)
Hy:p >
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Test2 :
Hy : Uz < Ug
H1 U3 > Uy

Test3 :
Hy : us < ue
H] U5 > He

(3.11)

(3.12)
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Data

In this Chapter, we provide an overview of the datasets that we used all
along the practical part of our research and give some insights that we learned by
cleaning and exploring them. To explore and clean our datasets, we used a data
management tool called Anatella'. Anatella is an ETL software (Extract Transform
Load) used to extract and process data. Anatella is very fast and powerful to process
data in comparison to alternatives like R or Python. All the Anatella workflows
used in the framework of our thesis can be found in the "Main Scripts" folder of our
Dropbox?. Our graphs were realized with gnuplot, a command-line graphing utility.

This Chapter is divided into three sections. First, we begin with a descrip-
tion of our datasets, variables and number of observations in section 4.1. Next in
section 4.2, we review the preparatory analysis of our datasets. Finally, we review
the steps we went through in order to clean our datasets in section 4.3.

4.1 Description of the datasets

For the empirical part of our work, we use intraday data on the trades and
order book’of the five main cryptocurrencies in terms of market capitalization in
January 2018 (namely Bitcoin, Ethereum, Bitcoin Cash, EOS and Ripple) paired with
US dollar on the Bitfinex exchange®. The list of all the variables and their descrip-
tions for the trade and order book datasets are listed in Appendices B.1 and B.2
respectively and Appendix C contains a short description, factual information and
recent market capitalization evolution for our set of cryptocurrencies. The source of
the datasets are the records of the Bitfinex exchange itself. The time interval of the
observations varies for the different cryptocurrencies (the trading of all cryptocur-
rencies was not launched at the same time on the Bitfinex exchange). Subsequently,
the number of observations that we have for each cryptocurrency also differs.

Tables 4.1 and 4.2 summarize the dates of the first, last and total amount of

http://www.anatella.com/

Zhttps://www.dropbox.com/sh/boxaiiaql9pbtcw/AAD_hKOQx-XJ01u7 jwQtOyMsa?dl=0

30rder book are list of buy and sell orders of a security (here on the Bitfinex exchange)

“Bitfinex is a trading platform headquartered in Hong-Kong and dedicated to digital assets and
cryptocurrencies like Bitcoin, EOS, Ripple, etc. (https://www.bitfinex.com/). Note that the timezone
of the observations is thus in UTC +8.
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observations for each cryptocurrency in the trade and order book datasets respec-
tively as well as their respective tickers .

Cryptocurrency  Ticker Datetime Datetime Number of
first obser- last obser- observa-
vation vation tions

Bitcoin BTC 01/04/2013 04/09/2018 53120 202
00:07:49 23:59:46

Bitcoin Cash BCH 10/08/2017 04/09/2018 10 735 889
16:15:27 23:57:34

Eos EOS 10/08/2017 04/09/2018 14761 953
16:49:18 23:58:54

Ripple XRP 10/08/2017 04/09/2018 14339 079
15:02:28 23:58:35

Ethereum ETH 09/03/2016 04/09/2018 25839515
16:04:35 23:59:10

TABLE 4.1: Observations in the trade datasets for each cryptocur-

rency

Cryptocurrency  Ticker Datetime Datetime Number of
first obser- last obser- observa-
vation vation tions

Bitcoin BTC 15/05/2015 21/07/2018 1538292
00:00:25 23:59:12

Bitcoin cash BCH 10/08/2017 21/07/2018 615415
17:58:00 23:59:09

Eos EOS 10/08/2017 21/07/2018 636 850
17:58:00 23:59:11

Ripple XRP 10/08/2017 21/07/2018 616424
17:58:00 23:59:18

Ethereum ETH 28/04/2016 21/07/2018 1048 678
20:59:52 23:59:14

TABLE 4.2: Observations in the order book datasets for each cryp-

4.2 Preparatory analysis

tocurrency

As preparatory analysis of our datasets, we computed summary statistics

for the key variables of the trades and order books and made graphical analyses.
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The tables with the summary statistics can be found in Appendix E and the graphs
in our Dropbox under the "Plots trades" and "Plots order book"® folders.

First, let’s begin with the analysis of the trade datasets. By comparing the
graphs, we made for the evolution of the trade prices of the five cryptocurrencies,
two groups distinguish themselves based on the scale of price variations : XRP and
EOS on one side, BTC, ETH and BCH on the other side. There is indeed a big differ-
ence in the average trade price of those two groups during our period of interest (the
mean trade price on the period were $1.0422 and $9.5924 for XRP and EOS whereas
we have an average trade price of $617.6807, $1 354.4715 and $9 482.3155 for ETH,
BCH and BTC respectively). From the graphical analysis of the evolution of the
trade prices, we can make three main observations. First, at the end of the period,
the prices of every cryptocurrency we were analysing were higher compared to their
prices at the beginning of the period. Second, we cannotice a lot of fluctuations in the
trade price of every cryptocurrency (this can also be observed in the summary statis-
tics where we have high standard deviations for the trade prices compared to their
mean). Lastly, we can highlight two periods where all the trade prices increased (in
different intensity and with some small variations around the beginning and end of
the period) : from December 2017 until mid-January 2018 and from mid-March 2018
until April 2018.

With respect to traded amounts and volumes, it is difficult to interpret the
data at least visually. Naturally, as a consequence to the huge disparity in trade
prices between the two groups discussed above, we also find large differences in the
average amount of cryptocurrencies traded between the two groups (when the unit
price is higher, the average traded amount is lower ; for example, the average quan-
tity of a trade of BTC over our period was of 0.4360 while it was 1 602.5399 for XRP).
A fairer metric to have an idea of the respective popularity of the five cryptocur-
rencies as financial assets would be the volumes of the trades. In this regard, BTC
comes first with a mean trade volume of $712.2091, followed by BCH ($2 265.9407)
and ETH ($2 191.0476). For BTC, ETH and BCH, we cannot observe a clear trend in
the trade volumes plots as they are highly volatile (in the case of BTC for example,
the volume of a trade has a standard deviation of $1 6856.1428 whereas the mean
traded volume is $3 712.2091). On the other end for XRP and EOS, we can clearly
see two trends visually with two increases in traded volumes from end of December
2017 until mid-January 2018 and from mid-March 2018 until April 2018. We can also
see that the traded amounts are highly volatile, but we cannot pick a clear visual
trend.

Now let’s move on to the analysis of the order book datasets. For the bid
and ask prices graphs, we find the same trends discussed above for the trade prices
as expected (two peaks at the mentioned periods with varying length and intensity
between cryptocurrencies ; for example, the first peak in prices for EOS is less in-
tense compared to other cryptocurrencies but the second is more intense than for
the others). On the whole period, bid and ask prices also increased and are higher
than at the beginning of the sample. We note no visual differences between bid and
ask prices graphically and between the first, fifth and tenth limit (the differences are
too small to observe at this scale ; see the difference between ask and bid statistics in
Appendix E).

Shttps://www.dropbox.com/sh/cwnbgcqscc7udyx/AAACGud1A4cVKgXXoEIQtVB8a?d1=0
Shttps://www.dropbox.com/sh/parzcy8imdugqhp/AABzNqfr_0dmaEqOn-kzJGDca?d1=0
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Again, it is difficult to interpret graphically the data for the quantities, but
we still notice the difference in scale between the two groups of cryptocurrencies
discussed above. Very interesting on the other hand is that we find large drops
in quantities and even probably missing data at the end of January 2018 for every
cryptocurrency. This potential lack of data needs to be investigated and taken care
of otherwise some issues could arise in the empirical chapter with regard to the
continuity of data.

4.3 Data cleaning

From the investigation of summary tables 4.1 and 4.2, we notice that the
number of observations for Bitcoin and Ethereum are more important in compari-
son to the other cryptocurrencies in both the order book and trade datasets. This
was expected as those two assets are older and were traded before the others on
Bitfinex, so it is normal that the timeframe of the observations for those two cryp-
tocurrencies starts earlier. For the practical part of our research, we will need to have
a common time interval for which the data for every cryptocurrency is available. We
thus restrict our datasets so as to only consider a time interval for which we have
observations for both order book and trade datasets for all five cryptocurrencies and
exclude the rest of the data. This gives us a common working interval going from
11/08/2017 at 00:00:00 until 21/07/2018 at 23:59:59. The first datetime for which we
have observations for every cryptocurrency in all datasets comes a little bit before
our chosen start datetime (we could have taken the start of the common interval the
10/08/2017 at 17:58:00). However, for clarity and because the data at the very be-
ginning of the common period is not complete for all assets, we prefer to start the
working interval by a complete day, in other words to 11/08/2017 at 00:00:00.

Next, in order to make a proper cleaning of our datasets, we need to tackle
the two following elements : missing values and outliers. First of all, we methodi-
cally checked for the presence of missing and impossible values inside our datasets
(we already spotted potential gaps in the data at the end of the end of January 2018,
so we paid particular attention to this period). By impossible values, we refer to
values in the datasets that cannot be correct with absolute certainty (like a negative
price for example) and by missing values we refer to significant time skips in the
observations that could engender issues in the empirical part of our work (like hav-
ing insufficient data to compute our proxies for every 15min and 30min intervals).
We did not find impossible values in the trade datasets but well in the book order
datasets. In the book order data of every cryptocurrency, we found observations
with negative values in either bid prices, ask prices, bid quantities or ask quanti-
ties. We cannot identify the source of those negative values with certainty but the
only possibility we see would be a problem of reporting on the exchange side. We
removed those observations from our datasets. Tables 4.3 and 4.4 present the ticker
and adapted summary of the first, last, total number of observations and average
number of observations per day in the trade and order book datasets respectively
for each cryptocurrency after restricting the datasets to the common working inter-
val and removing the spotted negative values inside the order book datasets. Start-
ing from this Chapter, we will often refer to our cryptocurrencies by their tickers.
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With respect to missing values, we first decided to investigate graphically
the daily frequency of the observations in our datasets inside our working interval.
The graphs and scripts of the graphs can be found in our Dropbox under the "Fre-
quency plots" folder”. For the trade datasets, the number of observations for each
day (the number of trades per day referenced on the Bitfinex exchange) fluctuates
greatly for each cryptocurrency over the period but the only real concern are the
days with a low number of observations (for example, there are two days in EOS
and XRP with less than 3 000 trades). After a double-check, we found out sufficient
data to compute our proxies for each 30 minutes intervals in the trade datasets. The
situation for the order book datasets is quite different however. First of all, we can
observe a change in the frequency of quotes in the middle of April 2018. At the be-
ginning of our period, Bitfinex provided a quote every minute and the frequency
of observations is nearly doubled during the month of April 2018. Moreover, we
discovered a concerning common trend in all the order book plots : for every cryp-
tocurrency, there is a gap in the frequency of observations in a period ranging from
mid-January 2018 until the end of the month (the precise days of beginning and end-
ing of the period vary from one asset to another) where the number of observations
fall to zero (for several days in a row in some cases). If it remains untreated, this lack
of data will inevitably lead to problems in the empirical part to compute our proxies
and apply the PCA or the market model. Screenshots of the most significant time
skips within our datasets for each cryptocurrency can be found in Appendix D. In
our opinion, the easiest option was to deal with those incontinuities in the datasets
after the merging of the trade and order book datasets, after construction of the prox-
ies (as explained in section 3.2) but naturally before applying the PCA or the market
model. Our approach simply consists in restricting the merged datasets to intervals
for which we have a value for every cryptocurrency and exclude the time intervals
for which we could not compute every proxy for at least one asset. On the 16 560
intervals of 30 minutes inside our period of interest, 850 were missing (the list of the
missing 30 minutes intervals can be found in a csv file in our Dropbox under the
"Missing intervals" folder®). The intervals with missing data are mostly at the end of
January 2018 and beginning of February 2018 as expected. In their paper, Liu et al.
(2019) also face the same problem of missing order book data in their intervals. They
suspect that the source of the problem might be the rise in the price of the cryptocur-
rencies in the concerned periods, leading to extremely active trading and a failure
from the data providers to keep up with the order book developments. In the same
research, Liu et al. (2019) use linear interpolation to estimate the values for small
missing intervals and a modified approach of Hansen and Lunde (2005) to account
for larger breaks. In our case, we think that simply removing the missing intervals
without interpolating them is sufficient as we are investigating common movements
between cryptocurrencies (the time jumps will be the same for every cryptocurrency
with our approach).

Now with respect to outliers, we considered applying standards outliers
treatment methods, such as Winsorizing9 or trimming10 our datasets but after dis-
cussions, we decided to opt for the alternative of using the median instead of the
mean in the construction of the 15 minutes and 30 minutes aggregates as discussed
in section 3.2. By taking the median instead of the mean of a variable or proxy in the

"https://www.dropbox.com/sh/6kxt9nzkdqlsbtn/AAD52VtR60TQWy_3omdxZ2S6a?d1=0
8https://www.dropbox.com/sh/ie6zdklhvo9652i/AABBs6nkD8chf19vFOA43Bnra?dl=0
9Replacing extreme values in the dataset
10Removing extreme values in the dataset
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construction of the time aggregates, we reduce the weights of the outliers inside our
datasets. We favoured this method over winsorizing or trimming because it allows
us to avoid deleting any data and hence possible relevant information or introducing
bias.

Cryptocurrency  Ticker Datetime Datetime Number of Average
tirst obser- last obser- observa- observa-
vation vation tions tions  per

day

Bitcoin BTC 11/08/2017 21/07/2018 35913013 104 096
00:00:02 23:59:56

Bitcoin Cash BCH 11/08/2017 21/07/2018 9 976 566 28918
00:00:14 23:59:51

Eos EOS 11/08/2017 21/07/2018 12749502 36955
00:00:18 23:59:49

Ripple XRP 11/08/2017 21/07/2018 13482419 39080
00:00:20 23:59:07

Ethereum ETH 11/08/2017 21/07/2018 19866751 57 585
00:00:03 23:59:44

TABLE 4.3: Observations in the trade datasets inside the common in-
terval for each cryptocurrency after cleaning

Cryptocurrency  Ticker Datetime Datetime Number of Average
first obser- last obser- observa- observa-
vation vation tions tions  per

day

Bitcoin BTC 11/08/2017 21/07/2018 630 580 1833
00:00:00 23:59:12

Bitcoin Cash BCH 11/08/2017 21/07/2018 614 857 1787
00:00:00 23:59:09

Eos EOS 11/08/2017 21/07/2018 636 329 1855
00:00:00 23:59:11

Ripple XRP 11/08/2017 21/07/2018 615906 1796
00:00:00 23:59:18

Ethereum ETH 11/08/2017 21/07/2018 582 566 1703
00:00:00 23:59:14

TABLE 4.4: Observations in the order book datasets inside the com-

mon interval for each cryptocurrency after cleaning
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Empirical analysis

In the following Chapter, we present the results obtained by applying the
methodologies detailed in Chapter 3 on the datasets overviewed in Chapter 4 and
discuss them. All the results of our research questions related to commonality in
market quality are analysed in section 5.1, the study of impacts of volatility regimes
on liquidity commonality in section 5.2 and the results of the hypotheses tests re-
garding the evolution of the explanatory power of the model in section 5.3.

5.1 Results: commonality in market quality

Before reviewing the results of the PCA, we follow Marsh and Mazza (2017)
and compute the mean, standard deviation, median, skew and kurtosis for each
proxy of market quality. The descriptive statistics for the proxies can be found in
Appendix F.

The Realized Spread is lower than what we expected and is quite stable for
all the cryptocurrencies judging by the standard deviations. We interpret this as a
relative stability of the cost of immediacy over the whole period. The skew is low
for all cryptocurrencies (many small values) except for BCH. The Realized Spread
of BCH has very high Kurtosis (very high peaks in the distribution) while EOS and
XRP approach Gaussian-like peakness. We find slightly negative values for the Per-
centage Price Impact, which is probably abnormal. This might be resulting from our
change in the proxy’s formula that does not take bid-ask bounces into account. In
any case, the summary statistics indicates low adverse selection for every cryptocur-
rency. The liquidity appears to be quite good over the whole period as a unitary
volume change as almost no impact on price in average. We find no surprise in
the results for Return Autocorrelation, which are just a bit more volatile compared
to a traditional asset. Price efficiency thus appears relatively good. As expected, the
Realized Volatility is very high for 30 minutes intervals with high skew and kurtosis.

Now that we have reviewed the summary statistics for our proxies, we
will expand on the results of the PCA in the following subsections and discuss their
implications on commonality in market quality. In table 5.1, we present the results of
the PCA applied over the whole working period. We report the explanatory power
of the first five components for each proxy. Tables 5.2, 5.3 and 5.4 present the same
results but for different periods with a comparison between the beginning and end
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of the sample, a comparison of the results before and after introduction of futures on
Bitcoin, before and after the end of the Bitcoin bubble respectively.

Measure Components
1 2 3 4 5

Realized Spread 59.368 16.863 9.307 8.303 6.158
Percentage Price Impact 28.467 19.846 18.773 17.522 15.392
Realized Volatility 58.999 13.846 11.202 9.080 6.873
New Amihud 38.106 18.243 16.526 14.894 12.232
Return Autocorrelation 30917 18.434 18.062 17.425 15.163
Quote Return 64476 12.136 10.436 8.191 4.761

TABLE 5.1: Explanatory power (in %) of the five first components of
the PCA for the whole period and with standardized proxies on 30
minutes intervals

. Components
Period Measure
1 2 3 4 5
Realized Spread 43.784 17.669 16.108 12.758 9.681
Percentage Price Impact 31.704 30.706 17.687 12.442 7.461
o Realized Volatility 46.038 22915 15.213 9.342 6.492
Beginning
New Amihud 31.481 25.523 18.682 14.353 9.961
Return Autocorrelation 25.109 20.238 19.570 19.008 16.075
Quote Return 48.839 18.938 15.534 11.937 4.752
Realized Spread 67.611 15961 13.819 1.517 1.092
Percentage Price Impact 50.642 39.774 4.635 2.675 2.274
End Realized Volatility 55.652 22.203 11.276 8274 2.596
n
New Amihud 60.805 26.109 11935 0.790 0.361
Return Autocorrelation 33.878 17.315 17.232 16.550 15.024
Quote Return 72518 11.027 7.404 5.015 4.036

TABLE 5.2: Explanatory power (in %) of the five first components of
the PCA for the three first and three last months of the period and
with standardized proxies on 30 minutes intervals

5.1.1 Analysis of the results for the whole period

As explained in Chapter 3, one of the drawbacks of PCA is that the princi-
pal factors have no clear economical interpretations. Academic literature proposes
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. Components
Period Measure
1 2 3 4 5

Realized Spread 38.862 25.646 13.353 12.353 9.786
Percentage Price Impact 35.393 24.779 15.182 14.016 10.630
Realized Volatility 55.522 19.605 13.080 7.348 4.444

Before futures
New Amihud 37906 25.079 16.727 12.822 7.466
Return Autocorrelation 25954 19.932 19.418 18.777 15.919
Quote Return 56.788 18.628 13.186 6.635 4.763
Realized Spread 62.214 17922 10.810 5.683 3.370
Percentage Price Impact 50.026 36.573 10.019 1.771 1.611
Realized Volatility 70902 10959 7.654 6.476 4.010

After futures
New Amihud 57.429 24.846 15.855 1.145 0.725
Return Autocorrelation 32.348 18.894 17.330 16.831 14.597
Quote Return 72.339 10934 7.235 5.454 4.039

TABLE 5.3: Explanatory power (in %) of the five first components

of the PCA for the three months before and after the introduction

of futures on Bitcoin and with standardized proxies on 30 minutes
intervals

to look at the factor loadings (correlation between principal factors and original vari-
ables) to interpret the results. We notice that all the five cryptocurrencies are highly
correlated positively with the first principal factors for each of the proxies. Those
results therefore suggest high level of commonality across our set of cryptocurren-
cies for the six dimensions of market quality measured and within our period of
interest and confirm Research question 1. However, compared to the results obtained
by Marsh and Mazza (2017), it is not as evident to tell which proxies co-moves the
most significantly across our assets by referring to the first principal factor to as-
sess the intensity of co-movements. In their case, co-movements of Quote Returns
and Realized Volatility were clearly more significant but for us there are slight vari-
ations in the results between the different periods (see tables 5.1, 5.2, 5.3 and 5.4).
Nonetheless, on the whole working period the proxies that appears to comove (in
other words have a bigger correlation between the first principal component and the
original variables) are Quote Return, Realized Spread and Realized volatility. What-
ever the proxy or period considered, the proportion of variance explained decreases
significantly starting with the second principal component as shown by Marsh and
Mazza (2017).

A part of our results can still be compared to Liu et al. (2019) as they inves-
tigate common factor structure for returns and volatility. Even though their proxies
and ours are slightly different and the period are not identical, the proxies mea-
sure the same concepts over very close periods so the comparison should hold. The
proportion of variance explained by the first component of the PCA for our Quote
Return proxy is higher than theirs (64,48% in our results against 39,81% in theirs)
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. Components
Period Measure
1 2 3 4 5

Realized Spread 52.863 21.515 13.702 8.481 3.439
Percentage Price Impact 53.439 38.469 5874 1.137 1.081
Realized Volatility 70422 12.606 9.837 4.623 2.512

Before BTC bubble
New Amihud 66.161 22.689 7.375 2.742 1.032
Return Autocorrelation 29980 20.152 18.719 16.736 14.413
Quote Return 70422 12.606 9.837 4.623 2.512
Realized Spread 63.666 17.838 13.860 2.720 1.916
Percentage Price Impact 75969 10978 5.683 4.095 3.274
Realized Volatility 74.620 9.198 7.339 5979 2.864

After BTC bubble
New Amihud 62.116 21.821 14581 0.816 0.667
Return Autocorrelation 38.222 17.191 16.065 14.800 13.722
Quote Return 77.859 7.456 5.734 4.840 4.110

TABLE 5.4: Explanatory power (in %) of the five first components
of the PCA for the month preceding and following the end of BTC
bubble and with standardized proxies on 30 minutes intervals

and the cumulative explained ratio is also higher (95,22% against 69,63%). In a re-
cent study, Christoffersen, Lunde, and Olesen (2019) found small evidences of the
presence of a common factor structure in commodity futures returns and Realized
Volatility. In their results for the returns, the first four principal components explain
65.3% of the cross-sectional variation, which is close to the results of Liu et al. (2019)
(cumulative explained variation is higher in our results). Important to note however
is the fact that their first components of the PCA for the returns capture only 31.4%
of the explained variance for commodities. In the case of cryptocurrencies, our first
principal component captures 64,48% and the one of Liu et al. (2019) 39,81%, which
is respectively 33,08% and 8,41% higher than in the commodity universe. Now re-
garding Realized Volatility, we find similar results to the three researches for the pro-
portion of variance explained by the first four principal components, but they differ
in the intensity of the first principal component. The first principal component and
proportion of variance explained by the first four principal components are 70.15%
and 84.8% for Liu et al. (2019), 54% and 79% for Christoffersen, Lunde, and Ole-
sen (2019) and 59% and 93% for us. Again, in the case of commonality in Realized
Volatility, the commonality seems to be higher for the cryptocurrencies compared to
commodities. All of this put together, we are now able to answer to Research question
2 by saying that for Returns and Realized Volatility, the common factor structure
seems to be more important for our set of cryptocurrencies and the one of Liu et al.
(2019) compared to the commodity universe of Christoffersen, Lunde, and Olesen
(2019) on their respective periods. Again, those results are to be balanced with the
facts that the periods of the three researches differ slightly and the construction of
the proxies are not identical, so a more thorough investigation is required.
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5.1.2 Comparison between the beginning and the end of the period

With respect to the comparison of the results of the PCA between the three
first and three last months of the period of interest, we expected to find a general
diminution of the commonality in market quality, translated by first principal com-
ponents smaller given the fact that the academic literature highlights the improve-
ment of the market efficiency of cryptocurrencies over time. Results of table 5.2 show
instead that the first principal components for every proxy have increased. We can
thus answer to Research question 3 negatively by saying that the first principal com-
ponents of every proxy are higher in the last three months of our working period
compared to the first principal components of the three first months.

5.1.3 Comparisons before and after the introduction of Bitcoin futures

One of our research questions treated the comparison between the com-
monality in market quality three months before and after the introduction of futures
on Bitcoin. If we look at table 5.3, we can see that the first principal factors have in-
creased over the period for every proxy, which suggests an increase in market quality
commonality in the period following the introduction of Bitcoin futures, contradict-
ing Research question 4. The explanatory power of the first component for the three
months preceding the introduction of futures are almost all lower than the explana-
tory power of the principal component of the whole period (except for PPI) and are
close to the level during the first three months. It is the opposite for the principal
components for the three months following the introduction of futures (higher ex-
planatory power compared to the whole period and closer to the levels during the
last three months of the period).

5.1.4 Comparison before and after the end of the Bitcoin bubble

For this comparison, we expected to observe stronger commonality before
the end of the BTC bubble compared to after the bubble, translated by decreasing
first principal components. However, in table 5.4, we see that for all the proxies
except Liquidity, the first principal components have increased, which contradicts
Research question 5. Similarly to the comparison between the commonality between
the periods preceding and following the futures introduction, the results suggests
that the level of commonality during the month preceding the end of the bubble was
lower to the commonality on the whole period and closer to the commonality during
the first three months. The opposite holds for the commonality after the end of the
bubble. Furthermore, the level of commonality during the three months preceding
futures introduction was lower to either the month preceding or following the end
of the BTC bubble. Comparing results after the introduction of futures with table 5.4
does not give us a clear pattern (PPI, Realized Volatility, Return Autocorrelation and
Quote Return are closer to the explanatory power of the first principal component
before the end of the BTC bubble whereas Realized Spread and Liquidity are closer
to the levels after the end of the BTC bubble).
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5.1.5 Results of robustness checks

The results of the PCA applied over the different periods with non-standardized
proxies and by using the mean as aggregation rule can be found in Appendices G
and H respectively.

Without standardizing the proxies, the commonality seems to be more im-
portant for Realized Spread, Percentage Price Impact and Liquidity while being
slightly lower for the other proxies. However, the comparisons of the results by
period seems to be less clear (for certain proxies, the trend is even reverting). The
standardization of the proxies thus appears to have an important impact on market
quality commonality, and this impact seems to vary depending on the proxy. With
respect to the results obtained by using the mean instead of the median, we observe
slightly higher commonality for some of the proxies (Realized Spread, Percentage
Price Impact, Realized Volatility, Quote Return) whereas it stays almost identical for
the others (which suggests that some proxies might be more subjects to outliers than
others). The comparisons of the results by periods give the same trends in general.
Our results obtained by using the median as the aggregation rules seems to be robust
in this aspect.

5.2 Results : impacts of volatility regimes on liquidity com-
monality

In this section, our goal is to assess whether or not we observe liquidity
co-movements among our five cryptocurrencies. We start with a general analysis,
disregarding the effect of volatility regimes. Then, we proceed to include the level
of volatility of the day into the analysis. As mentioned before in the methodology,
we follow Beaupain et al. (2010) methodology. That is, we use the same market
model time-series regressions a la Chordia et al. (2000), where liquidity proxies are
regressed against their corresponding market-wide liquidity proxy. However, there
is one major difference. We determine the daily volatility regime (low, medium or
high) not through the Markov switching methodology but using a threshold rule on
the VCRIX, an index of cryptocurrencies’ volatility. For both regression equations
used in this section, all variables and parameters are defined in section 3.2.2.

5.2.1 Summary statistics for the proxies

Table 5.5 gives some cross-sectional statistics of the global means for each
of the six liquidity measures defined above. Like in academic literature, we also
observe right-skewness in the distribution of our proxies. Indeed, all the medians
for all proxies are lower than their respective means. Again, we observe that depth
shows the greatest variance among proxies.

We make four main observations regarding the summary statistics of our
proxies. First is that contrary to what could be expected from the literature regarding
stocks, the proportional effective spread and the proportional traded spread appear
to be larger than the proportional quoted spread in our datasets. This would suggest
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Liq. Proxy Mean Median Stdev.  Min Max AC(1)
EWPQS 0.0008  0.0004 0.0011 -0.0748 0.0249 0.76
EWDEPTH 17679540 28.8419 5489.4700 0.0200 606 577.8500  0.50
SWPQS 0.0008  0.0004 0.0012 -0.0683 0.0416  0.70
SWPES 0.0012  0.0007 0.0017 -0.0874 0.1215 0.56
SWPTS 0.0017  0.0007 0.0015 -0.0731 0.0646  0.52
TWPQS 0.0008  0.0004 0.0011 -0.0748 0.0249 0.76

TABLE 5.5: Aggregate liquidity measures - Summary Statistics

some form of price deterioration. Second is that we observe for all our proxies except
EWDEPTH that the series contain negative spreads. Third is that overall, SWPTS
are tighter than the corresponding SWPES and proportional quoted spreads are the
highest when weighted equally. This means that higher spreads are linked to lower
quoted sizes and that higher spreads are more ephemeral. However, this does not
hold when conditioning the regressions on volatility regime. Finally, we can see that
spread measures display a one-lag autocorrelation ranging between 50% and 76%.

Figure 5.1 is a heatmap representing correlations between our proxies. We
find that most of our liquidity proxies are positively correlated to each other’s. The
only special case is EWDEPTH. This proxy is almost uncorrelated to all the others.
More interestingly, we observe that TWPQS and EWPQS are almost perfectly cor-
related. This is not surprising since the vast majority of our quotes have the same
duration, which is linked to the fact that we have a low frequency of observations for
the order-book datasets. In this situation, assigning time-weights is almost equiva-
lent to assigning equal weights to our spreads. The same applies to SWPQS and
EWPQS that are also highly correlated. As we can see from the individual distribu-
tion plots in Appendix I, most of our trades have the same depths and duration.

Summary statistics for cross-sectional data but conditioned on the volatil-
ity regimes can be found in tables 5.6, 5.7 and 5.8. Note at this stage, we removed
intraday seasonality with the standardization of our proxies . Again, we still have
right-skewness under every volatility regime. There are two main and opposite pat-
terns here. On one hand the average value of EWDEPTH increases as daily volatil-
ity decreases. On the other hand, all other average spread measures rise in more
volatile markets. As expected, the variance of all the liquidity proxies is the high-
est in the high-volatility regime. Besides, we see that autocorrelation tends to be
lower in highly volatile days. On average, in low volatility regimes, all proxies but
depth are negative. The opposite is true for high volatility regimes. In the medium
volatility setup though, all proxies are negatives. When analysing the absolute value
of size-weighted spread measures, we observe that the average quoted spread is
systematically greater than the average traded spread which in turn is greater than
the average effective spread. Absolute values of our quote-based spreads, we have
that size-weighting yields the tightest average spreads whereas time-weighting and
equal-weighting yield the largest average spreads in volatile and quiet markets re-
spectively. In the quiet market setup, all proxies but EWDEPTH have negative me-
dians and means and their standard deviations falls below 1. This is in line with the
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FIGURE 5.1: Average correlations between proxies

fact that the lower the volatility of the market the lower liquidity costs tend to be.
On the opposite setup, we observe the exact reverse situation. Thus, we can say that
spread-based and depth-based liquidity proxies depend on the volatility regime.
The more volatile the market, the higher the spreads, which is consistent with Pés-
tor and Stambaugh (2003). Reciprocally, the more volatile the market, the lower the
depth. Those results show an inverse relationship between liquidity and volatility
(as found in Beaupain, Giot, and Petitjean (2010)) for our set of cryptocurrencies.

5.2.2 Market-model regressions disregarding volatility regimes

Tables 5.9 and 5.10 show the results of the regression presented in equa-
tion 3.8 for each liquidity proxy and for each cryptocurrency’ and the results of the
statistical tests. The results show evidence of common movements in liquidity . In-
deed, at a 5% significance level all B, ; coefficients are statistically significant for all
five cryptocurrencies. More than that, the coefficients B;; up to B3; representing
the coefficients of the concurrent, lag and lead market liquidity proxies are all sta-
tistically greater from zero’. Given that EWPQS, SWPQS and TWPQS are highly
correlated, all their corresponding coefficients are very similar. These quote-based
proxies display the strongest evidence of liquidity co-movements. In second posi-
tion comes SWPES and SWPTS. Lastly, EWDEPTH shows the weakest evidence of
co-movements in liquidity. This result is consistent with Chordia, Roll, and Sub-
rahmanyam (2000). The best R? are obtained for the equally-weighted proportional

1We do not show the coefficients for all the variables as the table are voluminous
2all t-stats are greater that the upper-tail critical value of the t-test, 1.645 at 5% confidence level
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Liq. Proxy Mean Median Stdev AC(1)

EWPQS -0.1423 04335 0.8768 0.6565
EWDEPTH 0.1663 -0.1070 1.0709 0.3047
SWPQS -0.1375  -0.4545 0.8660 0.5801
SWPES -0.0670 -0.2923 0.9293 0.4543
SWPTS -0.0739 -0.2616 0.9247 0.4273
TWPQS -0.1415 -0.4370 0.8784 0.6544

TABLE 5.6: Aggregated standardized liquidity measures in low
volatility regimes : Summary Statistics

Liqg. Proxy Mean Median Stdev AC(1)

EWPQS -0.1707  -0.4970 0.9036 0.6666
EWDEPTH -0.0096 -0.1966 0.9245 0.2615
SWPQS -0.1585 -0.4885 0.8980 0.5962
SWPES -0.1434 -0.4045 0.9180 0.4881
SWPTS -0.1458 -0.3600 0.9234 0.4108
TWPQS -0.1723  -0.5007 0.9020 0.6628

TABLE 5.7: Aggregated standardized liquidity measures in medium
volatility regimes : Summary Statistics

Lig. Proxy Mean Median Stdev AC(1)

EWPQS 0.4498 0.1343 1.1282 0.5708
EWDEPTH -0.1444 -0.3360 1.0307 0.3007
SWPQS 0.4228 0.0680 1.1582 0.5016
SWPES 0.3266 0.0690 1.122147 0.4628
SWPTS 0.3377  0.1202 1.1136 0.4037
TWPQS 0.4517 0.1334 1.1282 0.5642

TABLE 5.8: Aggregated standardized liquidity measures in high
volatility regimes : Summary Statistics

quoted spreads, ranging between 29% and 52% and are followed closely by the other
two quote-based spread measures.
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With respect to the results of the first Wald test, tables 5.9 and 5.10 show that
the null hypothesis is rejected every time. This means that the common movements
are not instantaneous, and we have to take the pervasiveness of the commonality
into account. Out of 30 regressions, the null hypothesis is only rejected on three
occasions for the second test (of which two rejections happened for the EWDEPTH).
This shows that at our confidence level, we cannot reject the hypothesis that the
external variables in the regressions have an influence on our liquidity proxies. For
the last F-test, the null hypothesis is rejected every time, so we can conclude that
there is a significant difference between our model and the intercept-only model at
our confidence level.

5.2.3 Market-model regressions conditioned on volatility regimes

Tables K.2 and 5.12 show the results of the regression presented in equation
3.9, for each liquidity proxy and for each cryptocurrency. Like in Beaupain, Giot,
and Petitjean (2010) we choose to show only the comparison between low and high
volatility regimes because of the important volumes of data. For these regressions,
it is important to note that we report our results in a different manner compared to
what we did previously.

We observe that all our §; 5 are statistically greater than 0 at a significance
level of 5%, meaning there is evidence of positively correlated liquidity co-movements
in high volatility setups for all cryptocurrencies. When analysing all the spread-
based measures of liquidity, there is a statistical decrease in commonality in going
from high volatility to low volatility in the case of Ripple. It constitutes the only case
we can ever systematically reject the null in favour of the one-sided alternative that
co-movements are higher in higher volatility regimes. For quote-based measures,
when analysing the t-stats of B;1s, we have evidence that, for all cryptocurrencies
but Ripple (XRP) and Bitcoin Cash (BCH), there is a statistical increase in liquid-
ity co-movements in going from high volatility to low volatility regimes. But here,
in the case of BCH we cannot say that liquidity commonality varies with respect
to these volatility regimes, as we never reject Hy : f; = P3. For the other three
cryptocurrencies (BTC, EOS, ETH) we systematically reject the null in favour of the
one-sided alternative that co-movements are higher in low volatility regimes. For
effective or traded measures, only BCH’s commonality is statistically higher in quiet
markets. Finally, we notice that when conditioning upon the volatility regime, our
R? improved significantly overall. For example, for the EWPQS proxy we have again
the highest R?, ranging from 40% to 64%. Once again, EWDEPTH yields the worst
tit for the regressions.

5.3 Results : evolution of liquidity commonality

We report the average values of the adjusted-R? of the daily and weekly
regressions for each proxy by period in Appendix ] and made plots of the evolution
of the daily adjusted-R? in our Dropbox under the folder "Daily Adj. R2" 3. The
difference between the average values of the daily and weekly adjusted-R? on the

3https:/ /www.dropbox.com/sh/y7ulbhhp2sr08hs/ AADfvtdnZur-zGzhsSIGEsHKa?d1=0
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three periods and the value of the adjusted-R? for the regression on the whole period
is striking. The adjusted-R? for all the three periods are much weaker compared to
the values when the regressions is fitted on the entire period, even without condi-
tioning upon volatility. We note that when moving from daily regressions to weekly
regressions, the average R? seems to improve for every proxy but are still very low
compared to the results we presented in tables 5.9 and 5.10. Furthermore, these first
results seem to contradict our economic intuition for almost every cryptocurrencies
and proxies of the Pre-Futures/Post-Futures comparison and Beginning/End of the
sample. With respect to the graphs of the evolution of daily adjusted-R?, the graph-
ical analysis does not reveal much as we can see that a large majority of the values
oscillates at a very low level (between 0% and 10%). We reflected on the potential
causes for this gap and our intuition is that the cryptocurrencies market is still too
immature to be able to observe a consistent trend across time. When the frequency
of trades for an asset are very high, those assets are more sensitive to idiosyncratic
liquidity shocks. A small shock in the liquidity of an asset is enough to provoke a
change in the price of the asset without observing common movements within the
market when the frequency increases.

We report all the p-values of the tests of means discussed in subsection 3.2.3
in Appendix K. With respect to the comparison between the beginning and the end
of the period and the introduction of Bitcoin futures, the results are not very conclu-
sive. Indeed, for the daily regressions we cannot reject the null hypothesis for any
of the tests. Furthermore, in the case of the comparison between the beginning and
the end of the period, the average daily adjusted-R? and the fact that the p-values
are very high for every proxy of every cryptocurrency except BTC are hints that the
commonality is higher in the last three months of the sample, which contradicts our
economic intuition. The situation is more or less the same for the introduction of
futures but in this case the results are more mixed (the tests have small p-values for
BTC and BCH and high p-values for EOS, ETH and XRP). When we move on to
the weekly regression, we can reject the null hypothesis for four of BTC’s proxies
(SWPS, TWPQS, SWPES and SWPTS) at confidence level of 95% (RHp), implying
that for those proxies, the explanatory power of the model was better at during the
three first months of the period in average compared to the three last months. We
also notice that the p-values fluctuates a lot between the daily and weekly reports.
Results are also difficult to interpret for the comparison between the month preced-
ing the end of the BTC bubble and the month following it. For the daily regressions
and at a confidence level of 95%, we can reject the null hypothesis (RHp) for 6 prox-
ies (EWPQS of BCH ; SWPES of EOS and XRP ; SWPTS of EOS ; ETH and XRP) and
say that in average, the explanatory power of the model was better for those proxies
during the bubble. With daily regressions, we can reject the null hypothesis for 16
proxies, 5 of them being already rejected at the daily frequency (EWPQS for EOS
and XRP ; SWPQS for EOS ; TWPQS for EOS and XRP ; SWPES and SWPTS for ev-
ery cryptocurrency ; EWDEPTH for BTC).For the rest of the proxies, we cannot reject
the null hypothesis. We cannot even observe a clear pattern in the p-values so it is
difficult to draw further conclusions on the (non)improvement of our models based
on those results.
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TABLE 5.9: Liquidity co-movements - Unconditioned upon volatility regime

EWPQS BCH BTC EQOS ETH XRP
Lt 0.2440 0.1788 0.2412 0.1761 0.2588
p-value K40k K50k Fokok Fokok Fokok
Lat—1 0.1960 0.1621 0.2416 0.1692 0.2570
p-value K50k K50k Fokok $okok Fokok
Lart41 0.2047 0.1563 0.2303 0.1609 0.2558
p-value K50k K%k Fokok $okok Fokok
Adj. R? 0.3860 0.3212 0.4528 0.2945 0.5157
H,: ﬁl,]' + ,32,]‘ + ﬁ3,j =0

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
HO : ’)/] = (5_1,]' = 50,]'

= (51,]- =0

p-value 0.0054 <0.0001 0.0014 <0.0001 <0.0001
F-test

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
SWPQS BCH BTC EOS ETH XRP
Lart 0.2166 0.1675 0.2256 0.1631 0.2425
p-value K%k K%k $okok Fokok Fokok
Ly 0.1823 0.0336 0.2313 0.1475 0.2514
p-value K%k K%k $ok ok Fok ok Fok ok
Lart+41 0.2006 0.1315 0.2235 0.1430 0.2436
p-value K%k K%k Fok ok $ok ok $ok ok
Adj. R2 0.3255 0.2625 0.3953 0.2359 0.4489
Ho: B1j+ B2+ B3j=0

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
H() . ’)’] = 5_1,]' = (50,]'

= (51/]' =0

p-value 0.0006 <0.0001 0.0186 <0.0001 <0.0001
F-test

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
TWPQS BCH BTC EOS ETH XRP
Lart 0.2398 0.1816 0.2405 0.1738 0.2585
p-value K%k K%k $ok ok $ok ok *ok ok
Lart—1 0.1981 0.1593 0.2360 0.1711 0.2538
p-value K%k K%k Kok ok Kok ok Kok ok
Latt+1 0.2057 0.1530 0.2270 0.1608 0.2512
p-value Kok ok Kok ok Kok ok Kok ok Kok
Adj. R2 0.3834 0.3195 0.4405 0.2942 0.5042
Ho: B1j+ P2+ B3 =0

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
Ho:vj=0_1;=100,

== 51/]‘ =0

p-value 0.0033 <0.0001 0.0006 <0.0001 <0.0001
F-test

p-value <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Newey and West’s (1994) heteroskedasticity and autocorrelation robust standard errors are cal-
culated using automatic lag truncation parameter selection. Significance levels: #xx < 0.001,
*% < 0.01, * < 0.05and ns > 0.05
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TABLE 5.10: Liquidity co-movements - Unconditioned upon volatility regime
SWPES BCH BTC EOS ETH XRP
Lyt 0.1705 0.2038 0.1861  0.2165  0.2377
p-value ok ok ok ok Kok ok ok ok Kok
La,e—1 0.1460 0.0147 01705 0.1275  0.1754
p-value oKk ns ok ok sokok Kok
Lty 0.1169 0.0745 0.1463  0.1658  0.1905
p-value ok ok skokok Kok ok koK Kook
Adj. R? 0.2841 0.2343 0.2614 0.2929  0.3923

Hy : ,31,]' + ﬁz,]' + ,33,]' =0

p-value <0.0001  <0.0001 <0.0001 <0.0001 <0.0001
H() : ’)/] = 5_1,]‘ = (50,]'

= 51,]' =0

p-value 0.0272 0.0001 <0.0001  0.1136  0.0001
F-test

p-value <0.0001  <0.0001 <0.0001 <0.0001 <0.0001
SWPTS BCH BTC EOS ETH XRP
Lat 0.1705 0.1664 0.2035 0.2055  0.2329
p-value ok ok ok ok Kok koK koK
Lae—1 0.1424 0.0879  0.1519  0.1464  0.1827
p-value skokok sokok ook koK skokok
L4 0.1295 0.0866  0.1292  0.1581  0.1742
p-value ok ok ok ok skokok skok sk skokok
Adj. R? 0.2507 0.2117  0.2217  0.2556  0.3385
Ho: B1j+ B2+ B3j =0

p-value <0.0001 0<0.0001 <0.0001 <0.0001 <0.0001
H() : ’)’] = (5_1,]' = 50’]'

= (51,]‘ =0

p-value <0.0001  <0.0001 <0.0001 <0.0001 <0.0001
F-test

p-value <0.0001  <0.0001 <0.0001 <0.0001 <0.0001
EWDEPTH BCH BTC EOS ETH XRP
Lt 0.0383 0.0158  0.0462  0.0143  0.0520
p-value otk ok KoKk ns ok
Lat—1 0.0353 0.0036  0.0605 -0.0035  0.0722
p-value skok ok ns koK ns skokok
Latv1 0.0439 0.0101  0.0697  0.0014  0.0630
p-value koK ns ok ok ns otk
Adj. R? 0.0072 0.0074  0.0170  0.0043  0.0172
Ho: B1j+pP2j+p3j=0

p-value <0.0001 0.0034 <0.0001  0.2718 <0.0001
HQ : ’)/]' = (5,1/]' = 50,]'

== (51,]‘ =0

p-value 0.5248 <0.0001  0.0008 <0.0001  0.3946
F-test

p-value <0.0001  <0.0001 <0.0001 <0.0001 <0.0001

Newey and West’s (1994) heteroskedasticity and autocorrelation robust standard errors are
calculated using automatic lag truncation parameter selection. Significance levels: *x% <
0.001, ** < 0.01, * < 0.05 and ns > 0.05
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TABLE 5.11: Liquidity co-movements - Conditioned upon volatility regime

EWPQS BCH BTC EOS ETH XRP
L1 "high volatility" 0.0090 0.0877 0.1274 0.2223 -0.0770
t-stat (0.32) (3.60) (3.08) (11.06) (-1.96)
p-value ns okok *ok stk *
L3 "low volatility"” 0.2654 0.1946 0.3171 0.0819  0.3053
t-stat (11.14) (11.50) (9.70) (8.215)  (8.09)
p-Value * kK *kk kokk X kK XKk
Adj. R? 0.4908 0.4029 0.5300 0.5260 0.6392
reject Hy

Hy:B1 <B3vsHi:pB1 > B3 no yes yes yes no
Ho:p1>pBsvs Hi: 1 < B3 no no no no yes
SWPQS BCH BTC EOS  ETH XRP
L1 "high volatility" 0.3565 0.0993 0.1145 0.2311 -0.0864
t-stat (1.28) (4.06) (3.00) (10.67) (-2.35)
p-value ns Kok ok ok Kok *
L3 "low volatility"” 0.2419 0.1574 0.3100 0.0723  0.3018
t-stat (10.52) (10.08) (10.66)  (6.89)  (8.58)
p-value otk otk ok stk skokok
Adj. R? 0.4067 0.3383 0.4507 0.4279 0.5544
reject Hy

Ho:p1 <PBsvsHi:p1> B3 no yes yes yes no
Hop:B1>B3vsHy:p1 < B3 no no no no yes
TWPQS BCH BTC EOS ETH XRP
L1 "high volatility" 0.0203 0.0859 0.1304 0.2122 -0.0770
t-stat (0.74)  (3.55) (3.21) (10.54) (-1.96)
p-value ns ook ok skokok *
L3 "low volatility"” 0.2579 0.1912 0.3123 0.0834 0.3082
t-stat (10.99) (11.38) (9.76) (8.27)  (8.22)
p—Value *kk *kk kokk *kk *kk
Adj. R? 04865 0.4040 0.5217 0.5250 0.6270
reject Hy

Hy:p1 <PBsvsHi:p1> B3 no yes yes yes no
Hy:pB1 > BzvsHy: 1 < B3 no 1o no no yes

Newey and West’s (1994) heteroskedasticity and autocorrelation robust standard er-
rors are calculated using automatic lag truncation parameter selection. Significance
levels: xxx < 0.001, xx < 0.01, * < 0.05 and ns > 0.05.
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TABLE 5.12: Liquidity co-movements - Conditioned upon volatility regime

SWPES BCH BTC EOS ETH XRP
L1 "high volatility" 0.0436  0.0138  0.0563 0.0006 -0.0568
t-stat (1.77)  (0.52) (1.58) (10.55) (-2.17)
p-value ns ns ns otk *
L3 "low volatility" 0.1954 0.1917 0.2216  2.0e-5 0.2529
t-stat (9.99)  (9.41) (9.85)  (8.29) (10.99)
p-Value *kk *kk kokk kkk kK >k
Adj. R? 0.3741 02936  0.3191 0.522  0.5043
reject Hy

Hy:B1 <PBzvsHi:p1 > B3 yes no no yes no
Hy : ‘51 > ‘33 vs Hy : ﬁl < ﬁ3 1o 1o 1o 1o yes
SWPTS BCH BTC EOS ETH XRP
L1 "high volatility" 0.0734  0.0166 0.006  0.0792 -0.0220
t-stat s (3.17)  (0.76) (0.22) (2.87) (-1.01)
p-value ok ns ns koK ns
L3 "low volatility" 0.1842 0.1952 0.2700 0.2080  0.2440
t-stat (11.87) (12.48) (17.66) (12.67) (14.33)
p-value otk otk ok Kok Kok
Adj. R? 03063 0.2620 0.2522  0.2852  0.4232
reject Hy

Hy:pB1 <BzvsHi:B1> B3 yes no no yes no
Ho:B1>PBzvsHy:p1 < B3 no no no no yes
EWDEPTH BCH BTC EOS ETH XRP
L1 "high volatility" -0.0639 -0.0676 -0.0089 -0.0417  0.0085
t-stat (-3.25) (-547) (-0.49) (-2.12)  (0.50)
p-value ok skokok ns * ns
Lyg,3 "low volatility" 0.0775 0.0320 0.0707 0.0356  0.0554
t-stat (4.20)  (4.00) (4.85) (3.11) (4.84)
p—Value *3kk * k& kkk * %k kk >k
Adj. R? 0.0824 0.1236  0.0839 0.1043 0.1148
reject Hy

Hp:B1 < PBzvsHi:p1> B3 no no no no no
Ho:pB1 > BzvsHy: 1 < B3 yes yes no yes no

Newey and West’s (1994) heteroskedasticity and autocorrelation robust standard er-
rors are calculated using automatic lag truncation parameter selection. Significance
levels: xxx < 0.001, xx < 0.01, * < 0.05 and ns > 0.05.
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Chapter 6

Conclusion

Market quality and cryptocurrencies are two subjects that have known a
growing interest in recent academic literature, but the topic of market quality of
cryptocurrencies was barely researched before and only by very recent studies. Our
motivation with this master’s thesis was to extend those two bodies of literature
by updating and verifying if findings of market quality-related academic literature
were also verified with recent cryptocurrency data. In this process, we tried to an-
swer to the problematic : “What findings of the academic literature about the market
quality co-movements of traditional assets can be transferred to cryptocurrencies in
2017/2018 ?”. Using intraday transactions and order book data of five cryptocurren-
cies on the Bitfinex exchange, we investigated some of the main findings of related
academic literature within the limits of our datasets. Specifically, we researched for
the presence of a common factor in the market quality movements of our set of cryp-
tocurrencies using Principal Component Analysis (one of the two main methodolo-
gies used in the literature to assess commonality and popularized as such by Has-
brouck and Seppi (2001)) using a set of proxies proposed by Marsh and Mazza (2017)
to capture the main dimensions of market quality. We used two important events of
the recent Bitcoin’s history, the introduction of trades on futures product and the
end of Bitcoin bubble as dated by Liu et al. (2019) to define several sub-periods and
compare the results of the Principal Component Analysis across those periods. We
also compare a part of our results with Liu et al. (2019) and Christoffersen, Lunde,
and Olesen (2019), two recent works studying the common factor structure in cryp-
tocurrencies and commodity universe respectively and using the same method to
assess commonality. In a second time, we used Chordia, Roll, and Subrahmanyam
(2000)’s market model (the second main methodology in academic literature to as-
sess commonality) to test for the presence of liquidity commonality for our set of
cryptocurrencies in our period and study the impact of volatility regimes on com-
monality by reproducing the approach of Beaupain, Giot, and Petitjean (2010). Fi-
nally, we made statistical tests of means to assess the evolution of the explanatory
power of the market model across our period.

The results of the PCA on the whole periods presented high values for the
first principal components of every proxies of the dimensions of market quality, sug-
gesting (1) the presence of a common factor in market quality movements across our
set of cryptocurrencies between August 2017 and July 2018. Our temporal compar-
isons of the PCA results between periods highlighted higher principal components
during the three last months of our period compared to the three first months, higher
principal components for the three months following the introduction of Bitcoin fu-
tures compared to the three months preceding it and higher principal components
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in the month following the end of the Bitcoin bubble dated by Liu et al. (2019) com-
pared to the month preceding it. Those results suggests that (2) the common move-
ments in the market quality of our set of cryptocurrencies were higher during the last
three months of our period compared to the first three months (which is a counter-
intuitive behaviour given that literature has found that the market quality of cryp-
tocurrencies was improving with time), (3) that common movements in the market
quality of our set of cryptocurrencies were higher during the three months follow-
ing the introduction of futures product on Bitcoin compared to the three months
preceding it (which is also counter-intuitive as literature has shown that option list-
ing improved market quality) and (4) that the common movements in the market
quality of our set of cryptocurrencies were higher during the month following the
end of Bitcoin bubble compared to the month preceding it. Those results seem to be
robust to a change in aggregation rule, but not to a removal of the standardization
procedures. As expected, the standardization procedure (and thus intraday effects)
seems to have an important impact on commonality, and this impact appears to
vary between proxies. The second part of our work leads to three main findings.
First, (5) at a confidence level of 95%, we conclude to the presence of liquidity com-
monality for our five cryptocurrencies during our period of interest in both quiet
and volatile markets. Our second result (6) is that like Beaupain, Giot, and Petitjean
(2010), we found differences in the magnitude of the commonality between high and
low volatility regimes, with significant evidence of a positive relationship between
the commonality in liquidity and volatility at a confidence level of 95%. Finally, (7)
our results show that the common variations depend on the type of liquidity proxy
chosen, quote-based measures leading to contrasting results compared to effective
or traded spread measures. The third part of our research was less conclusive. We
showed that the results of the average adjusted-R? of the regressions varied impor-
tantly based on the time-frame of the fit of the regressions, with daily regressions
having very small explanatory power in average compared to regressions fitted on
the whole periods (weekly fits improve the average explanatory power compared to
daily fits but they are still smaller compared to the regressions fitted on the whole
period). We attribute this gap to the immaturity of the cryptocurrencies market. Our
results are mixed for the comparison between the beginning and the end of the sam-
ple and between the periods following and preceding the introduction of futures
on Bitcoin, but we found (8) statistical evidence that the explanatory power of the
model for four of the Bitcoin’s liquidity proxies was significantly better in average
during the three first months of our period compared to the last three months at a
confidence level of 95%. However, based on the p-values of the other tests and the
average adjusted-R? during the different periods, the results hints that the behaviour
of the explanatory power of the models for the other four cryptocurrencies was op-
posite to Bitcoin during this period. Finally, we found (9) that the explanatory power
of the model for 16 liquidity proxies was significantly better in average during the
month preceding the end of Bitcoin bubble compared to the month following based
on weekly fits and 6 proxies based on daily fits. Those results tend to corroborate
those of Liu et al. (2019), who showed that the explanatory power of their model was
better during the Bitcoin bubble.

On retrospect, there are four main limits to the approach we followed. First
is that we work on a restricted set of cryptocurrencies. In order to be more consistent,
we could have included more that the top five cryptocurrencies in terms of market
cap. Furthermore, we could have extended our analyses beyond Bitfinex exchange
and include data from other exchanges. Second is that we do treat completely the
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problem of missing data for the order books, mainly at the end of January. In their re-
search, Liu et al. (2019) are faced with the same problem and they use linear interpo-
lations to estimate the values for small missing intervals and a modified approach of
Hansen and Lunde (2005) to account for larger breaks. This should be an interesting
complement to our master’s thesis. Third is that we used data of cryptocurrencies
against USD and did not take inflation into account in our analyses. Ideally when
studying common movements, cryptocurrencies against Bitcoin for example would
been preferable as we get rid of the commonality linked to the dollar. Lastly, we
highlighted the presence of commonality but did not investigate the sources driving
those common movements, which would be a natural complement to our research
given academic literature. We also would have liked to be able to conduct more ro-
bustness checks for the results of liquidity commonality but were unable to do so
due to a lack of time.

In general, the market quality of cryptocurrencies being barely studied
before, they are a lot of areas where it could be interesting to conduct further re-
searches. All along our work we highlighted a series of those topics. First is a thor-
ough research in the intraday patterns of the market quality of cryptocurrencies.
Comparison between our results before and after standardization lets us think that
intraday movements in this area have an important impact on commonality. Sec-
ondly, we think that literature is missing a broad comparative study in the common-
ality of various type of assets including cryptocurrencies, commodities and other
types of assets on the same period. Finally, we think that investigating the sources
driving common movements in market quality could have a lot of interesting prac-
tical applications and would also shed further lights on the impact of several events
like the introduction of futures or the end of the Bitcoin bubble on common move-
ments.
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Appendix A

Proxies used by Marsh and Mazza
(2017) to capture market quality

We take the six main proxies of market quality used by Marsh and Mazza
(2017) in their research. The authors computed other proxies meant as robustness
checks, but we only use the six main proxies that they use in their analysis. For each
dimension of market quality in the following sections, we give the definitions and
formulas used to compute the proxies designed to measure the dimensions.

A.1 Cost of immediacy

The authors use several similar proxies for spread among which Effective
spread, Real Spread and Realized Spread but they focus on the last one in their text.
"The relative spread is a measure of the current bid-ask spread and captures the direct cost
of immediacy for small quantities”Marsh and Mazza (2017). This proxy is computed
based on quotes and is related to ex-ante market quality. Here is the formula used
by the authors that we reproduced to compute the Realized Spread :

RSji = (ajt —bjt)/mj (A1)

Where RS is the Realized Spread at time ¢ for the cryptocurrency j and 4;,
bj:, m;; are respectively the ask price, bid price and mid-price of the quote prevailing
at time t. The mid-price is computed as below by taking the bid and ask prices at the
best limit :

mj = (El]',t + b],t)/z (A.2)

A.2 Adverse selection

According to Hendershott and Moulton (2011), the effective spread can
be divided into a transitory component and a permanent component. Marsh and
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Mazza (2017) use the Realized Spread to estimate the transitory component and the
Percentage Price Impact for the permanent component with the following formula :

PPliy = 2q;1(mij 5 — mije) /M (A.3)

Where PPI;; is the Percentage Price Impact of the trade i at time ¢, g;; is
a variable that reflects trade direction (it is equal to 1 if the trade was initiated by a
buyer and —1 if the trade was initiated by a seller), m; j ; is the mid-price of the asset j
prevailing at time ¢ for trade i and m; j ;15 denotes the mid-price of the fifth reported
record after trade i. To compute g;;, Marsh and Mazza (2017) follow Lee and Ready
(1991)’s tick test and the correction of Ellis, Michaely, and O’Hara (2000) but we don’t
need to use this procedure as the information about the trade direction is already
known in our datasets with certainty. On the other hand, to compute the Percentage
Price Impact, the authors first merge the trade and order book datasets by matching a
trade with the quote prevailing at the time of the trade. This is something that would
be problematic to reproduce in our case as there is a discrepancy in the frequency of
observations between our two datasets as explained in section 3.2. Consequentially,
we are unable to compute the Percentage Price Impact of each trade as proposed by
the authors because we need data both from the trade and order book datasets at any
time. To solve this problem, we use the price of the trade instead of the mid-price of
the quote, which gives us the following formula :

PPILiy = 2qi¢(piji+5 — Piji)/ Piji (A4)

Where p; ; is the price of trade i of asset j at time t and pi, j, t + 5 is the price
of the fifth trade recorded after trade i. This workaround is not ideal as we do not
take into account the bid-ask bounces, but it is close to the other proxy.

A.3 Liquidity

To capture liquidity, Marsh and Mazza (2017) use the modification of Ami-
hud (2002)’s ratio proposed by Karolyi, Lee, and Van Dijk (2012). Amihud (2002)’s
ratio of illiquidity is the response of the price to a unitary volume change and is
computed as follow :

_Inl
Ot

IL; (A.5)

Where IL; is the illiquidity ratio on interval t, r; is the return over interval
t and v; is the aggregated volume on interval ¢. Karolyi, Lee, and Van Dijk (2012)
modify this ratio by applying the natural logarithmic transformation to reduce out-
liers’impact and multiplying the ratio by —1 to make the relation between the ratio
and liquidity positive. This gives us the following formula :

Lig; = —In(1+ ‘:j') (A.6)
t



A.4. Price efficiency 59

Where Lig; is the modified liquidity ratio at time ¢.

A.4 Price efficiency

To estimate Price Efficiency, the authors use the absolute value of the mid-
prices return autocorrelation. They use quotes mid-points in order to avoid bid-ask
bounces and compute returns on 5 minutes intervals. The return autocorrelation is
then computed on 30-minutes intervals . They take the absolute value to measure
the extent of the deviation from a random walk (in a random walk, return autocor-
relation are equal to zero). We use a lag of 1 to compute autocorrelation.

A.5 Volatility

The authors use two proxies to assess volatility. First is the Realized Volatil-
ity, which is computed by aggregating movements tick by tick over 30-minutes in-
tervals then using the following formula :

(A7)

Where RV7 is the Realized Volatility associated with the 30-minute interval
T, r¢ is the tick by tick return at time t and N is the ensemble of trades that oc-
curred during T. The authors also use a second proxy, the quote return volatility for
completeness, computed as the standard deviation over 30-minutes intervals of the
mid-points returns computed over 5 minutes intervals.
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Appendix B

Description of the variables of the
datasets

B.1 Trade datasets

This part of our datasets contains the information of every trade of our
five cryptocurrencies paired with US dollar recorded on the Bitfinex exchange (the
timeframe of the observations for each cryptocurrency vary as discussed in section
4.1). Below are the names of the variables available as stated in the trade datasets
and a short description of what they represent :

e "datetime" : datetime of the trade
e "id" : unique id of the trade

e "exchange" : exchange on which the trade was recorded (here Bitfinex for all
trades)

e "symbol" : symbol of the asset traded

e "price" : price of the trade for one unit of the asset

e "amount" : amount of the asset traded

e "sell" : binary variable for the trade direction (sell if true, buy if false)
e "day": day of the trade

e "hour": hour of the trade

e "volume" : volume of the trade

B.2 Order Book

Here are the names of the variables as stated in the order book datasets and
a short description of what they represent :

e "datetime" : datetime of the observation
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Appendix B. Description of the variables of the datasets

"PBO1" :

leBOln :

"PB02" :

"QB02" :

"PB03" :

"QB03" :

"PB04" :

"QB04" :

"PB05" :

"QB05" :

"PB06" :

HQBO6M :

"PB07" :

"QB07" :

"PB08" :

"QB08" :

"PB09" :

HQBogn :

"PB10" :

"QB10" :

"PAO1" :

"QA01":

"PAOZH

"QA02" :

"PA03" :

"QA03" :

"PA04" :

"QA04" :

"PA05" :

”QA05” .

"PA06" :

price of the best bid

quantity of the best bid

price of the bid at the second limit
quantity of the bid at the second limit
price of the bid at the third limit
quantity of the bid at the third limit
price of the bid at the fourth limit
quantity of the bid at the fourth limit
price of the bid at the fifth limit
quantity of the bid at the fifth limit
price of the bid at the sixth limit
quantity of the bid at the sixth limit
price of the bid at the seventh limit
quantity of the bid at the seventh limit
price of the bid at the eighth limit
quantity of the bid at the eighth limit
price of the bid at the ninth limit
quantity of the bid at the ninth limit
price of the bid at the tenth limit
quantity of the bid at the tenth limit
price of the best ask

quantity of the best ask

: price of the ask at the second limit

quantity of the ask at the second limit
price of the ask at the third limit
quantity of the ask at the third limit
price of the ask the fourth limit
quantity of the ask at the fourth limit
price of the ask at the fifth limit
quantity of the ask at the fifth limit

price of the ask at the sixth limit
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o "QA06"
o "PAO7"
o "QA07"
o "PA0S"
o "QA08"
o "PA09"
o "QA09"
o "PA10"
e "QA10"

: quantity of the ask at the sixth limit
: price of the ask at the seventh limit
: quantity of the ask at the seventh limit
: price of the ask at the eighth limit
: quantity of the ask at the eighth limit
: price of the ask at the ninth limit
: quantity of the ask at the ninth limit
: price of the ask at the tenth limit

: quantity of the ask at the tenth limit
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Appendix C

Description of our set of
cryptocurrencies

In this Appendix, we briefly describe the five cryptocurrencies we used
in our research and give insights on their history and market cap evolution. The
Appendix is organized in five sections, one for each cryptocurrency.

C.1 Bitcoin (BTC)

Bitcoin was developed by Satoshi Nakamoto (pseudonym). In 2008, the
anonymous author(s) presented the currency in a white paper titled Bitcoin: A Peer-
to-Peer Electronic Cash System ' which later became an open-source project. By Jan-
uary 2009, the Blockchain was born and the bitcoins were used by third parties. All
documentation related to the Blockchain, transactions, mining, contracts, code and
other repositories are made available online for free’ 3. Only two years after its
implementation, alternative cryptocurrencies or altcoins started appearing progres-
sively. In figure C.1, we show the evolution of the market capitalization of BTC (in

hundreds of billions of USD) four our time scope using an online source*.

We can see that the market capitalization has varied a lot over our period.
From late September 2017 to mid-December 2017 the capitalization of BTC has more
than tripled, reaching well over $300 billion. From January 2018 to November 2018,
the capitalization falls back below the $150 billion mark. In the background, the
number of BTC has been increasing (even though more slowly as time passes) over
the entire period.

Another interesting feature is that Bitcoin’s block size of 1IMB suffers of
scalability issues. The number of transactions that can be handled is rather limited
in time (under 7 transactions per second). For the sake of comparison, Visa (the
payment network), could handle up to 47,000 transactions in 2013 (Poon and Dryja,
2016). For a transaction size of 300 bytes, this would take a processing rate of 8GB
per block every ten minutes. This would generate hundreds of TB of data and thus
centralize the network to use only the nodes with such storage capacities, which

Ihttp://bitcoin.org/bitcoin.pdf
Zhttp://bitcoin.org
Shttp://github.com/bitcoin
*http://www.blockchain.com/charts
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lell Cap evolution of BTC

05
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FIGURE C.1: BTC market capitalization

e

and Randi¢, 2018)

C.2 Bitcoin Cash (BCH)

Bitcoin Cash is a recent spin-off of Bitcoin, as it was created in 2017. A
divergent branch appeared in the Bitcoin community as some members wanted to
reduce transaction fees by increasing the block size. They achieved their purpose, as
the fees for BCH are lower than those of credit cards and there are no chargebacks
nor any other extra fees for transactions. The block size was changed to 8MB, result-
ing in much faster confirmation times. Since it is a branch that derived from Bitcoin,
both chains share the same information up to the date of the separation.

As we can see on Figure C.2, the market capitalization of BCH increased
tenfold from November 2017 to December 2017, reaching over $ 60 billion. Starting
from 2018, the market capitalization plummets and the capitalization was back at
$10 billion by the first quarter of the year. It then recovered to the $30 billion mark
by May, before falling slowly back to $10 billion by the end of November 2018.

C.3 Eos (EOS)

EOS is another recent altcoin. In 2018, "block.one", a private company
provider of blockchain solutions released a white paper developing a new blockchain
protocol®. EOS differs from the Bitcoin root in various aspects. Mainly, EOS cannot
be mined whereas bitcoins can be mined by those who put the resources for all the

Shttp://eos.io/about-us
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le10 Cap evolution of BCH
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FIGURE C.2: BCH market capitalization

computations on the blockchain. EOS also uses a different consensus algorithm, the
"delegated proof of stake" whereas Bitcoin uses the "proof of work".

As we can see on Figure C.3, we observe two peaks within our timeframe
for the market capitalization of EOS. By January 2018, EOS reached $10 billion before
dropping by 50% within a month. Then from April 2018 to May 2018, the capitaliza-
tion nearly tripled in value reaching $17 billion. From that point, the cap went back
to the $10 billion mark in four months.

1e10 Cap evolution of EOS

usD

2017-09 2017-11 2018-01 2018-03 2018-05 2018-07 2018-09
Year

FIGURE C.3: EOS market capitalization
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C.4 Ethereum (ETH)

Vitalik Buterin presented Ethereum in his white paper in 2015°. This paper
tackled multiple limitations of Bitcoin. Although there are some issues regarding
scalability, the Ethereum network has managed to reach 11 transactions per second

ey

capitalized cryptocurrencies.

As we can see on Figure C .4, the capitalization of ETH tripled from Novem-
ber 2017 to late January 2018 reaching over $130 billion. By April of the same year, it
had already come back below the $40 billion mark. Then, it recovered to a little over
$80 billion before crashing back again, below the $40 billion mark.

le11 Cap evolution of ETH

2017-09 2017-11 201801 201803 201805 201807 2018-09
Year

FIGURE C.4: ETH market capitalization

C.5 Ripple (XRP)

Ripple was released in 2012, by "Ripple Labs Inc". The main difference
with the other cryptocurrencies is that Ripple is mainly known as a digital means
of payment using the blockchain, that works on distributed consensus mechanism,
that uses negligible power and that is mainly used by financial institutions’.

As we can see on Figure C.5, the capitalization of XRP remained stable at
$1 billion, from September to November 2017, before skyrocketing up to $13 billion
in January 2018. One month later, it had crashed back to $2 billion. Other than
some short-lasting come backs in late February and May, the cap remained overall
downward sloping almost hitting the $1.3 billion in November 2018.

bhttp://blockchainlab.com/pdf/Ethereum_white_paper-a_next_generation_smart_
contract_and_decentralized_application_platform-vitalik-buterin.pdf
"https://www.ripple.com/company/
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lell Cap evolution of XRP
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FIGURE C.5: XRP market capitalization
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Most significant time skips in the

order book datasets

8887
8888
8889
8890
8891
8892
8893
8894
8895
8896
8897
8898
8899
8900
8901
8902
8903
8904
8905

datetime PBO1 QB01 PB02 QB02
26/01/2018 04:13:09 11525 2.12809 11520 0.09999
26/01/2018 04:14:09 11522 0.886679 11521 0.93
26/01/2018 04:15:09 11521 0.961038 11520 10
26/01/2018 04:16:09 11519 8 11512 0.669062
26/01/2018 04:17:09 11511 2.87579 11510 1.41041
26/01/2018 04:18:09 11496 0.420787 11495 0.166
26/01/2018 04:19:09 11467 19209 11466 2.658
26/01/2018 04:20:09 11419 1.45405 11416 0.538477
26/01/2018 04:21:09 11439 2.88285 11435 0.00871...
26/01/2018 04:22:03 11441 0.345726 11440 4.0978
26/01/2018 04:25:04 11453 0.783464 11451 10.0467
26/01/2018 04:27:09 11437 0.53 11434 0.19
|26/01/2018 04:28:09 11455 0.80273 11453 0.3
28/01/2018 12:57:12 11750 1.27903 11749 0.004
28/01/2018 12:58:15 11748 1.00468 11746 6.74276
28/01/2018 12:59:15 11745 0.291629 11744 0.06
28/01/2018 13:00:15 11726 0.05177... 11725 2.64889
28/01/2018 13:01:15 11722 0.7 11720 1
28/01/2018 13:02:16 11740 2.1497 11739 4.90886

FIGURE D.1: Significant time skip in BTC order book
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datetime PBO1 QB01 PB02 QB02 PBO3

5091  28/01/2018 12:53:19 1725.2 17502 17246  0.883676 1724.3
5092 28/01/2018 12:54:19 17241  0.99 1724 16.5999 1722.2
5093 28/01/2018 12:55:19 1722.3  4.789 1720.7  1.46009 1720.2
5094  28/01/2018 12:56:19 1721 2.86 17202 3.2173 1720

5095 28/01/2018 12:58:12 1725 4 17249 19 1724.1
5096 28/01/2018 12:59:12 17283  20.8952 17271 0.2132 1726

5097  28/01/2018 13:00:12 1727.2  0.385368 17259  0.2118  1725.8
5098 28/01/2018 13:01:12 17217 3 17216 0.1865 1719.1
5099 |28/01/2018 13:02:12 1721.8 47204 17216 10 1719.3
5100 30/01/2018 06:20:00 1608 3.548 16078 10 1607.2
5101  30/01/2018 06:21:00 1609.1 10 1609 8.3856  1608.7
5102 30/01/2018 06:22:00 1609.1 0.1721 1609 17322 1608.9
5103 30/01/2018 06:23:00 1608.2  0.0002 1608 0.73 1605.6
5104 30/01/2018 06:24:00 1606.9  0.248924 1606.3  0.68595 1605.7
5105 30/01/2018 06:25:00 1608 787621 1607.7  0.234997 1607

5106 30/01/2018 06:26:00 1609.5 5.178 1608.2  0.413822 1608.1
5107 30/01/2018 06:27:00 1610.1  2.853 1609.6  0.1721  1609.5
5108 30/01/2018 06:28:00 16078  0.1675 16077 3 1607.6
5109 30/01/2018 06:29:00 1608.4 4 1608.3 83755 16077

FIGURE D.2: Significant time skip in BCH order book

datetime PBO1 QBO1 PB02 QB02
1662 21/01/2018 03:43:11 14708  1340.15 147 86.208
1663  21/01/2018 03:44:11 14703 13833 14.647  108.577
1664 21/01/2018 03:45:11 14.636  421.963 14.635  18.2835
1665 21/01/2018 03:46:11 14573 43413 14572 7
1666 21/01/2018 03:47:11 14512  411.019 14511  180.858
1667  21/01/2018 03:48:11 14.664 167557 14.637 715.46
1668  21/01/2018 03:49:11 14.613 225689 14.576  183.157
1669  21/01/2018 03:50:11 14.608 513389 14.574 50
1670  21/01/2018 03:51:05 14.546  523.76  14.545  523.76
1671  21/01/2018 03:52:02 14491 200 14.48 747.52
1672  21/01/2018 03:52:03 14491 200 14.48 747.52
1673  22/01/2018 13:38:00 13.061 77423 13.05 50
1674  22/01/2018 13:39:00 13.141 125329 13.14 930.73
1675 22/01/2018 13:40:00 13.122  559.54 131 100
1676 |25/01/2018 10:39:03 14.189 553327 14.179  360.82
1677  25/01/2018 10:40:03 14.184 200 14.18 11.21
1678  25/01/2018 10:41:03 14.186 1091 14172 4
1679  25/01/2018 10:42:03 14225 75018 14217  364.43
1680 25/01/2018 10:43:03 14.206 360.82 14.195  360.82

FIGURE D.3: Significant time skip in EOS order book
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7818
7819
7820
7821
7822
7823
7824
7825
7826
7827
7828
7829
7830
7831
7832
7833
7834
7835
7836

11222
11223
11224
11225
11226
11227
11228
11229
11230
11231
11232
11233
11234
11235
11236
11237
11238
11239
11240

datetime PBO1 QB01 PB02
25/01/2018 10:17:03 1.3453 4500 1.345
25/01/2018 10:18:03 1.348 3402.11  1.3467
25/01/2018 10:19:03 1.3442  985.291 1.3441
25/01/2018 10:20:03 1.3418 1500 1.3417
25/01/2018 10:21:03 1.344 799.367 1.3439
25/01/2018 10:22:03 1.341 384.559 1.3402
25/01/2018 10:23:03 1341 4325.24 1.3397
25/01/2018 10:24:03 1.34 5980.84 1.3399
25/01/2018 10:25:03 13414 4025.11 1.341
25/01/2018 10:26:03 1.3414  3298.59 1.3405
25/01/2018 10:27:03 1.3419 22262 1.3416
25/01/2018 10:28:03 1.3438 900 1.3437
26/01/2018 04:23:02 1.302 50 1.3005
26/01/2018 04:24:04 1.3029 1778.8  1.3028
26/01/2018 04:26:04 1.3005  1851.84 1.3004
26/01/2018 04:26:09 1.3004 156.136 1.2993
26/01/2018 04:27:07 1.3004 81.7833 1.2992
26/01/2018 04:27:10 1.3004 81.7833 1.299
26/01/2018 04:28:05 1.3004 25516  1.3003

FIGURE D.4: First significant time skip in XRP order book

datetime PBO1 QB01 PB02
28/01/2018 12:55:16 1.252 1511.02 1.2519
28/01/2018 12:56:16 1.2503  8456.72 1.2501
28/01/2018 12:57:14 1.2505 5000 1.2503
28/01/2018 12:57:25 1.2519 145922 1.2518
28/01/2018 12:58:25 1.2535 447389 1.2531
28/01/2018 12:59:25 1.252 100476  1.2519
28/01/2018 13:00:25 1.2521 241434 1.252
28/01/2018 13:01:25 1.2521 177269 1.252
29/01/2018 12:58:00 1.2721 5000 1.272
29/01/2018 12:59:00 1.267 25000 1.2666
29/01/2018 13:00:00 1.268 1470 1.267
29/01/2018 13:01:00 1.265 8520.82 1.2646
29/01/2018 13:02:00 1.265 10.18 1.2644
29/01/2018 13:03:00 1.2644 10 1.2643
29/01/2018 13:04:00 1.2648  1922.73 1.2645
29/01/2018 13:05:00 1.2672  5908.95 1.267
29/01/2018 13:06:00 1.2672 12656  1.267
29/01/2018 13:07:00 1.2672  798.962 1.267
29/01/2018 13:08:00 1.2672  2298.93 1.2663

FIGURE D.5: Second significant time skip in XRP order book
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datetime PBO1 QB01
12263 30/01/2018 06:11:01 1.2185 100
12264 30/01/2018 06:12:01 1.2174 4500
12265 30/01/2018 06:13:01 1.2179  78.611
12266 30/01/2018 06:14:01 1.2173  10182.5
12267 30/01/2018 06:15:01 1.2173 122822
12268 30/01/2018 06:16:01 1.2201  3322.39
12269 30/01/2018 06:17:01 1.2216 400
12270 |30/01/2018 06:18:01 1.2217  1556.91
12271 |02/02/2018 05:03:04 0.8681  356.43
12272 02/02/2018 05:04:04 0.8692 81.12
12273 02/02/2018 05:05:04 0.8681  94710.7
12274 02/02/2018 05:06:04 0.8656  1772.42
12275 02/02/2018 05:07:04 0.86521 1531.54
12276 02/02/2018 05:08:04 0.8655  16018.8
12277 02/02/2018 05:09:04 0.86501 995.862
12278 02/02/2018 05:10:04 0.86501 3468.88
12279 02/02/2018 05:11:04 0.86017 100
12280 02/02/2018 05:12:04 0.86831 89.4085
12281 02/02/2018 05:13:04 0.8708  4251.29

FIGURE D.6: Third significant time skip in XRP order book

datetime PBO1 QB01 PB02 QB02
3683  22/01/2018 13:30:11 976.51  8.00109 976 2.91327
3684 22/01/2018 13:31:11 976.11  28.0985 976.03 13
3685 22/01/2018 13:32:11 984.1 13.9703 984 100.098
3686 22/01/2018 13:33:11 986.1 1.8729  985.15 71.018
3687 22/01/2018 13:34:11 982 3.37558 980 0.051
3688  22/01/2018 13:35:11 986.38  29.9778 986.21  2.72633
3689  22/01/2018 13:36:11 989.9 96.5415 988.31  0.586465
3690 22/01/2018 13:37:11 980.21 10.1925 980 2
3691 22/01/2018 13:38:00 97591 354 975.9 6.488
3692 22/01/2018 13:39:00 982.92 0.02 982.79  5.31958
3693 |22/01/2018 13:40:00 979.42  0.02 979.41  0.02
3694 |25/01/2018 10:30:07 1071.4  9.3467 1071 76.083
3695 25/01/2018 10:31:07 10676 0.1 10674 6.9
3696  25/01/2018 10:32:07 10676  3.42884 1067 8.37
3697  25/01/2018 10:33:07 10675  10.0937 1067 8.37
3698  25/01/2018 10:34:07 10643 6 1064 8.00595
3699  25/01/2018 10:35:07 1065.5  0.155216 1065.2  4.36512
3700  25/01/2018 10:36:07 1065.2 0.1 1065 11.1421
3701 25/01/2018 10:37:07 1065.1  0.4548 1065 2.87495

FIGURE D.7: First significant time skip in ETH order book
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4760
4761
4762
4763
4764
4765
4766
4767
4768
4769
4770
4771
4772
4773
4774
4775
4776
4777
4778

datetime PBO1 QBO1 PBO2 QB02
26/01/2018 04:17:03 1068.6 89238  1068.1  8.44848
26/01/2018 04:18:03 1069.3  0.04208.. 1069.2  0.814906
26/01/2018 04:19:03 1067.3 19746  1066.7  0.340004
26/01/2018 04:20:03 1063.4  6.34 1063.2 0.5
26/01/2018 04:21:03 10618 6 1061.2  10.2693
26/01/2018 04:22:03 1062.3  9.33994 1062.2 4
26/01/2018 04:24:06 1063 0.00090... 1062 2.5605
26/01/2018 04:26:10 1064.8  0.106909 1063.6  1.0324
26/01/2018 04:27:15 1064 2.51 1063.7  6.99929
26/01/2018 04:28:05 1065 15.45 1064.9  8.9656
28/01/2018 13:03:14 1222.1  3.23639 1222 26.2047
28/01/2018 13:04:14 1223 12.9 12226 304
28/01/2018 13:05:14 1226.1 0.5 1226 32.3474
28/01/2018 13:06:14 1228.3 10721 1228.2  0.301711
28/01/2018 13:07:14 12288 6.03472 12286  0.372018
28/01/2018 13:08:14 1230.1 038 1230 12,0373
28/01/2018 13:09:14 12299  0.449287 1229.5  2.1681
28/01/2018 13:10:14 1230 317045 1229.1  11.1681
28/01/2018 13:11:14 12265 0.2 1226.4  8.1562

FIGURE D.8: Second significant time skip in ETH order book
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Statistics Bitcoin (BTC) Bitcoin Cash (BCH) Eos (EOS) Ripple (XRP) Ethereum (ETH)
Mean 0.4360 2.0038 219.7460 1 602.5399 3.8739
Standard deviation 2.0893 7.0553 8429014 4 700.0935 14.9210
Min 0.0000 0.0000 0.0000 0.0000 0.0000
Trade Amount 25% quantile 0.0200 0.1133 11.2546 99.9050 0.2575
50% quantile 0.0940 0.5000 50.0000 424.1670 1.0000
75% quantile 0.3300 1.7176 175.2500 1 180.4000 3.4984
Max 1 817.0600 1975.6100 50 000.0000 200 000.0000 4 999.2000
Mean 9482.3155 1354.4715 9.5924 1.0422 617.6807
Standard deviation 3 617.6048 709.5330 4.7373 0.6518 266.0743
Min 2 980.4000 270.0100 0.4760 0.1474 198.0000
Trade Price 25% quantile 6 926.7000 807.0000 6.8699 0.6318 406.3700
50% quantile 8 790.5000 1 263.3000 9.0735 0.8915 575.5800
75% quantile 1 1461.0000 1 630.2000 13.0320 1.3027 784.1000
Max 19 891.0000 4 104.3000 23.0290 3.3000 1 424.3000
Mean 3712.2091 2 265.9407 1716.1565 1 370.6599 2191.0848
Standard deviation 16 856.1427 7 611.5643 6277.1948 4 336.9254 8 362.6128
Min 0.0000 0.0000 0.0000 0.0000 0.0000
Trade Volume 25% quantile 182.2940 149.4910 92.6669 78.9938 146.5370
50% quantile 787.9280 587.8000 411.2055 356.0830 544.6140
75% quantile 2 889.0000 1969.4200 1493.0000  1137.9200 1983.2400
Max 14 899 900.00 2195 940.0000 999 641.0000 535 988.0000 3 802 400.0000

TABLE E.1: Summary statistics of the trades for the five cryptocurrencies
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Statistics Bitcoin (BTC) Bitcoin Cash (BCH) Eos (EOS) Ripple (XRP) Ethereum (ETH)
Mean 8 098.2730 1 080.7647 7.8663 0.6261 561.7860
Standard deviation 2 987.6291 559.0468 5.0447 0.4420 228.6736
Min 2 983.9000 271.9800 0.4767 0.1480 198.8000
Ask Price first limit 25% quantile 6 350.1000 693.6600 2.9096 0.2476 374.0000
50% quantile 7 589.7000 993.6900 8.1487 0.5487 519.4450
75% quantile 9243.1000 1 368.2000 11.0740 0.8021 694.7800
Max 4 099.9000 22.9340 3.2924 1423.2000 1423.2000
Mean 5.3749 7.7767 952.1569 8 619.2061 42.9810
Standard deviation 19.0215 40.7575 3718.1231  22043.5426 123.9355
Min 0.0000 0.0000 0.0000 0.0000 0.0000
Ask Quantity first limit  25% quantile 0.4349 0.5098 52.9848 640.3533 5.7394
50% quantile 1.9480 2.1196 257.9890 3 000.0000 21.0000
75% quantile 5.8900 5.7230 782.6340 7 592.0000 44.2556
Max 7 000.2500 2 115.8800 399 938.0000 2 398 030.0000 10 430.8000

TABLE E.2: Summary statistics of the first limit ask price and quantity for the five cryptocurrencies
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Statistics Bitcoin (BTC) Bitcoin Cash (BCH) Eos (EOS) Ripple (XRP) Ethereum (ETH)
Mean 8 097.1762 1 079.6603 7.8596 0.6256 561.6492
Standard deviation 2 986.7722 558.4814 5.0423 0.4416 228.5940
Min 2 981.1000 270.4600 0.4760 0.1477 198.7900
Bid Price first limit 25% quantile 6 350.0000 693.3300 2.9020 0.2472 373.9500
50% quantile 7 589.2000 992.7100 8.1410 0.5484 519.3900
75% quantile 9 242.6000 1 366.9000 11.0660 0.8018 694.6000
Max 19 890.0000 4 085.1000 22.9310 3.2920 1422.7000
Mean 5.8006 7.5464 1090.7730 9 111.7019 39.7089
Standard deviation 19.2089 34.1217 20049.0538 29 534.6715 127.3119
Min 0.0000 0.0000 0.0000 0.0000 0.0000
Bid Quantity first limit ~ 25% quantile 0.5270 0.5542 52.4090 686.7653 6.8400
50% quantile 2.1702 2.4277 287.2750 3 291.8000 21.4175
75% quantile 6.2814 6.2263 817.5220 8 383.9150 42.6328
Max 2 683.0000 4 561.3100 15111 700.00 14 713 400.00 15 027.6000

TABLE E.3: Summary statistics of the first limit bid price and quantity for the five cryptocurrencies
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Proxy Statistics Bitcoin Bitcoin Cash (BCH) Eos (EOS) Ripple (XRP) Ethereum (ETH)
(BTC)
Mean 0.0001 0.0011 0.0017 0.0012 0.0002
Standard deviation ~ 0.0001 0.0009 0.0015 0.0013 0.0003
Realized Spread Median 0.0000 0.0010 0.0012 0.0008 0.0001
Skewness 2.9623 -7.3392 1.5746 1.8809 2.0930
Kurtosis 15.4265 425.7802 3.0203 3.7980 6.5779
Mean -0.0000 -0.0000  -0.0001 -0.0001 -0.0000
Standard deviation ~ 0.0000 0.0002 0.0006 0.0005 0.0001
PPI Median 0.0000 0.0000 0.0000 0.0000 0.0000
Skewness -2.4956 -4.2112  -8.6514 -6.5701 -2.6953
Kurtosis 16.5008 54.4137  159.1822 89.1478 10.7891
Mean 0.0000 0.0000 0.0000 0.0000 0.0000
Standard deviation ~ 0.0000 0.0000 0.0000 0.0000 0.0000
Liquidity Median 0.0000 0.0000 0.0000 0.0000 0.0000
Skewness -2.9751 -121.5343  -74.7312 -65.4255 -4.9917
Kurtosis 16.6128 15 070.7389 7 060.7427 6 072.6325 86.8532

TABLE F.1: Summary statistics of the proxies for market quality on 30 minutes intervals (1)
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Proxy Statistics Bitcoin Bitcoin Cash (BCH) Eos (EOS) Ripple (XRP) Ethereum (ETH)
(BTC)
Mean 0.3229 0.3281 0.3327 0.3344 0.3358
Standard deviation  0.2321 0.2359 0.2359 0.2361 0.2382
Return Autocorrelation Median 0.2750 0.2829 0.2897 0.2900 0.2909
Skewness 0.6798 0.6343 0.6216 0.6216 0.6094
Kurtosis -0.3766 -0.4745  -0.4892 -0.4734 -0.5079
Mean 0.0102 0.0268  0.03288 0.0281 0.0191
Standard deviation  0.0124 0.0399 0.0427 0.05190 0.0225
Realized Volatility Median 0.0070 0.0169 0.0232 0.01652 0.0127
Skewness 6.7751 12.4604  25.3614 36.40 6.2227
Kurtosis 99.9886 331.7928 1331.4871 2 602.63 98.5072
Mean 0.0022 0.0033 0.0037 0.0031 0.0023
Standard deviation  0.0019 0.0034 0.0033 0.0034 0.0021
Quote Return Median 0.0016 0.0024 0.0028 0.0021 0.0017
Skewness 3.2831 5.6278 4.5603 5.0691 4.5259
Kurtosis 20.7114 76.1167  59.5088 1.5535 59.5262

Appendix F. Descriptive statistics of the market quality proxies on 30 minutes

intervals

TABLE F.2: Summary statistics of the proxies for market quality on 30 minutes intervals (2)






Appendix G

Robustness check :

non-standardized proxies

Measure Components

1 2 3 4 5
Realized Spread 76.555 13.303 8873 1.144  0.125
Percentage Price Impact 50.043 40396 9.123 0343  0.094
Realized Volatility 56.554 20.922 16.305 5.160  1.059
New Amihud 82957 12.625 4.417 0.001  0.000
Return Autocorrelation 30.881 18.453 18.117 17.647 14.902
Quote Return 61.869 16.547 13.446 5.744  2.39%4

TABLE G.1: Explanatory power (in %) of the five first components of

the PCA for the whole period and with non-standardized proxies on

30 minutes intervals

85



86 Appendix G. Robustness check : non-standardized proxies

. Components
Period Measure
1 2 3 4 5
Realized Spread 54.973 27.726 16.441 0.695 0.165
Percentage Price Impact 52.609 41.511 5.715  0.140 0.025
L Realized Volatility 48.258 30.297 13.530 6.833 1.083
Beginning
New Amihud 83.068 12.445 4.487  0.000 0.000
Return Autocorrelation 24.992 20.229 19.649 19.185 15.946
Quote Return 47.106 23.516 18.753  8.385 2.240
Realized Spread 51.799 26.288 21.851 0.056 0.006
Percentage Price Impact 61.527 24.865 12.632 0.840 0.136
End Realized Volatility 80.169 12.385 4.075  3.280 0.091
n
New Amihud 70323 26482 2144 0947 0.104
Return Autocorrelation 33.884 17.323 17.266 16.736 14.790
Quote Return 73.337 12929 6.736  4.646 2.353
TABLE G.2: Explanatory power (in %) of the five first components of
the PCA for the three first and three last months of the period and
with non-standardized proxies on 30 minutes intervals
. Components
Period Measure
1 2 3 4 5
Realized Spread 61.595 25923 10.818 1.430 0.233
Percentage Price Impact 60.699 34.588 4.496  0.177 0.039
Realized Volatility 61.400 25.520 7.511  4.017 1.552
Before futures
New Amihud 91.173 4924 3902 0.000 0.000
Return Autocorrelation 25.808 20.022 19.468 19.000 15.702
Quote Return 57.354 23.058 11.253 6.127 2.208
Realized Spread 60.395 18.642 15.779 4.710 0.474
Percentage Price Impact 42.542 26.847 22603 5.823 2.185
Realized Volatility 77.038 12.271 5951  3.974 0.766
After futures
New Amihud 59.171 33396 6.892  0.520 0.021
Return Autocorrelation 32.323 18.964 17.434 17.039 14.240
Quote Return 72.209 12.323 8.813 4492 2.163

TABLE G.3: Explanatory power (in %) of the five first components

of the PCA for the three months before and after the introduction of

futures on Bitcoin and with non-standardized proxies on 30 minutes
intervals
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Components

1 2 3 4 5

Period Measure

Realized Spread 63.926 19.437 11572 4.678 0.387
Percentage Price Impact 37.116 26.157 19911 13.796 3.020
Realized Volatility 73.393 14.323 8257  3.426 0.601

Before BTC bubble
New Amihud 91.643 7.051 0.923 0.361 0.023
Return Autocorrelation 29.902 20.231 18.843 16.958 14.065
Quote Return 69.281 17.190 7.116 4282 2131
Realized Spread 56.396 23.780 13.516 5.706 0.603
Percentage Price Impact 68.895 17395 13.278 0.402 0.031
Realized Volatility 70.663 13.725 8.926 4897 1.789

After BTC bubble

New Amihud 62.860 32.905 3.878 0.333 0.024
Return Autocorrelation 38.165 17.194 16.132 15.004 13.506
Quote Return 72.601  9.847 7.998 6.934 2.620

TABLE G.4: Explanatory power (in %) of the five first components
of the PCA for the month preceding and following the end of BTC
bubble and with non-standardized proxies on 30 minutes intervals






Appendix H
Robustness check : mean as
°
aggregation rule
Components
Measure
1 2 3 4 5
Realized Spread 69.590 13.955 6.798 5.082  4.575
Percentage Price Impact 57532 14.729 12128 10.878 4.733
Realized Volatility 59.019 13.839 11.197 9.075  6.870
New Amihud 39.344 18.054 16.285 14.611 11.704
Return Autocorrelation 32.583 18.004 17.823 16.882 14.707
Quote Return 65.286 12151 10.288 7.877  4.398

TABLE H.1: Explanatory power (in %) of the five first components
of the PCA for the whole period, with standardized proxies on 30
minutes intervals and with the mean as aggregation rule

89



90 Appendix H. Robustness check : mean as aggregation rule

Components

1 2 3 4 5

Period Measure

Realized Spread 53.309 16.240 13.402 11.041 6.008
Percentage Price Impact 34.379 29.858 19.966 11.179 4.618
Realized Volatility 46.029 22908 15.223 9.342 6.498

Beginning
New Amihud 32.342 25.316 18501 14.373 9.468
Return Autocorrelation 26.106 20.036 19.560 18.618 15.681
Quote Return 49.139 19.074 15.627 11.758 4.401
Realized Spread 60956 14.224 10.762 8315 5.744
Percentage Price Impact 45.886 20.279 14.063 11.931 7.852
End Realized Volatility 55.705 22.163 11.264 8276 2.593

New Amihud 62.619 24528 11.756 0.808 0.289
Return Autocorrelation 35.674 17.343 16.519 15.754 14.711
Quote Return 73.641 11.204 6.793 4.658 3.705

TABLE H.2: Explanatory power (in %) of the five first components of

the PCA for the three first and three last months of the period, with

non standardized proxies on 30 minutes intervals and with the mean
as aggregation rule
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Components

1 2 3 4 5

Period Measure

Realized Spread 48.898 21.692 11.828 9.996 7.587
Percentage Price Impact 29.653 20.585 19.080 17.797 12.885
Realized Volatility 52.986 19.465 14.275 8.693 4.581

New Amihud 32.656 23474 17.693 15.507 10.670

Return Autocorrelation 22491 20.422 20.058 19.335 17.695
Quote Return 57.421 18.173 13.647 5.768 4.990

Before futures

Realized Spread 73.354 11.869 7.161  4.699 2916
Percentage Price Impact 57.626 34.187 5.366  1.766 1.055
Realized Volatility 63.666 12980 10.757 7.773 4.824

New Amihud 65.345 22.018 7.803  2.834 2.000

Return Autocorrelation 26.077 19.796 18.870 18.010 17.247
Quote Return 67.234 12.777 10.222 5.764 4.003

After futures

TABLE H.3: Explanatory power (in %) of the five first components

of the PCA for the three months before and after the introduction of

futures on Bitcoin, with standardized proxies on 30 minutes intervals
and with the mean as aggregation rule
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. Components
Period Measure
1 2 3 4 5
Realized Spread 64.082 15999 10.593 6.185 3.142
Percentage Price Impact 49.761 17.089 14.755 12.533 5.861
Realized Volatility 70.404 12.612 9.851 4621 2512
Before BTC bubble
New Amihud 66.837 21.722 7.353 2993 1.096
Return Autocorrelation 31.872 20.018 18.381 16.109 13.620
Quote Return 72.095 12.421 7.334 4.883 3.267
Realized Spread 75.353 12.479 8.866 2.075 1.227
Percentage Price Impact 51.860 25.572 10.209 8.875 3.484
Realized Volatility 74.617  9.199 7.341 5978 2.864
After BTC bubble
New Amihud 63.583 21.345 13.622 0.743 0.707
Return Autocorrelation 40.899 16.686 15588 14.193 12.634
Quote Return 79.050 7.060 5.480 4757  3.652

TABLE H.4: Explanatory power (in %) of the five first components
of the PCA for the month preceding and following the end of BTC
bubble, with standardized proxies on 30 minutes intervals and mean

as aggregation rule
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FIGURE I.1: BCH ’s DEPTH - main statistics
DEPTH histogram
mean 4.304953
std 9.798708
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75% 5.060258
max 923.134700
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FIGURE I.2: BTC ’s DEPTH - main statistics
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Weight variables - Statistics

DEPTH histogram
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FIGURE 1.3: EOS ' DEPTH - main statistics
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FIGURE I.4: ETH ’s DEPTH - main statistics
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FIGURE 1.5: XRP s DEPTH - main statistics
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FIGURE I1.6: BCH ’s quote-duration - main statistics
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FIGURE 1.7: BTC ’s quote-duration - main statistics
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QUOTE-DURATION histogram
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FIGURE 1.8: EOS’ quote-duration - main statistics
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FIGURE 1.9: ETH ’s quote-duration - main statistics



98

Appendix I. Weight variables - Statistics

50000

40000

30000

20000

10000

8000

7000

6000

5000

4000

3000

2000

1000

QUOTE-DURATION histogram

mean 68.499065
std 88.473150
min 1.000000
25% 60.000000
505% 60.000000
75% 60.000000
max 3360.000000

100 200 300 400 500 600 700 800

tw
FIGURE 1.10: XRP ’s quote-duration - main statistics
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FIGURE I.11: BCH ’s traded amount - main statistics
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Traded amount histogram
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FIGURE 1.12: BTC ’s traded amount - main statistics
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FIGURE 1.13: EOS ’ traded amount - main statistics
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FIGURE I.14: ETH ’s traded amount - main statistics
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Traded amount histogram
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FIGURE 1.15: XRP ’s traded amount - main statistics
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R-squared by periods



Appendix J. Evolution of daily and weekly Adj. R-squared by periods

TABLE J.1: Comparison of the average daily adjusted R? by periods (1)

Pre-bubble Post-bubble Pre-futures Post-futures Start of series End of series

BCH

EWPQS 0.0302 0.0017 0.0477 0.0353 0.0294 0.0433
SWPQS 0.0223 0.0040 0.0401 0.0298 0.0221 0.0367
TWPQS 0.0239 0.0009 0.0481 0.0326 0.0284 0.0457
SWPES 0.1299 0.0960 0.1175 0.1365 0.0814 0.1423
SWPTS 0.0702 0.0402 0.0834 0.0666 0.0538 0.0887
EWDEPTH 0.0067 0.0571 0.0231 0.0280 0.0224 0.0048
BTC

EWPQS 0.0474 -0.0232 0.0737 0.0484 0.0686 0.0375
SWPQS 0.0362 0.0464 0.0645 0.0615 0.0568 0.0261
TWPQS 0.0446 -0.0215 0.0769 0.0487 0.0714 0.0328
SWPES 0.2049 0.1869 0.2464 0.2319 0.2232 0.2364
SWPTS 0.1503 0.1175 0.1905 0.1482 0.1581 0.1317
EWDEPTH -0.0191 0.0070 0.0172 0.0038 0.0222 0.0168
EOS

EWPQS 0.0484 0.0633 0.0185 0.0489 0.0214 0.0463
SWPQS 0.0207 0.0541 0.0074 0.0360 0.0142 0.0400
TWPQS 0.0530 0.0668 0.0189 0.0522 0.0196 0.0481
SWPES 0.1541 0.0927 0.0853 0.1348 0.0574 0.2232
SWPTS 0.1128 0.0416 0.0445 0.0829 0.0236 0.1121
EWDEPTH 0.0012 0.0275 0.0048 0.0113 0.0114 0.0076

102

Pre-bubble and post-bubble periods refer to one month prior and one month after the end of Bitcoin bubble the

28th of January 2018. Pre-futures and post-futures refer to three months prior and three months after futures
introduction on Bitcoin the 7th of December 2017. The start and end of the time-series refer to the first and last
three months of our time frame, that is from August 2017 to November 2017 and from April 2018 to July 2018.
The adjusted-R? comes from the regression in equation 3.8 computed on a daily basis.
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TABLE ].2: Comparison of the average daily adjusted R? by periods (2)

Pre-bubble Post-bubble Pre-futures

Post-futures

Start of series

End of series

ETH

EWPQS 0.0759 0.0595 0.0518 0.0727 0.0409 0.0755
SWPQS 0.0700 0.0279 0.0334 0.0509 0.0295 0.0722
TWPQS 0.0796 0.0696 0.0520 0.0777 0.0420 0.0827
SWPES 0.1651 0.1617 0.1429 0.1832 0.1217 0.1809
SWPTS 0.1214 0.0594 0.0782 0.0997 0.0707 0.0819
EWDEPTH -0.0046 -0.0175 0.0204 -0.00183 0.0066 <0.0001
XRP

EWPQS 0.0356 -0.0146 0.0291 0.0305 0.0270 0.0318
SWPQS 0.0091 -0.0328 0.0231 0.0133 0.023 0.0303
TWPQS 0.0358 -0.0182 0.0299 0.0305 0.0272 0.0392
SWPES 0.2128 0.1198 0.0900 0.2009 0.0666 0.1624
SWPTS 0.1736 0.0552 0.0435 0.1333 0.0253 0.0883
EWDEPTH -0.0113 0.0257 0.0025 0.0085 0.0041 0.0108

Pre-bubble and post-bubble periods refer to one month prior and one month after the end of Bitcoin bubble the

28th of January 2018. Pre-futures and post-futures refer to three months prior and three months after futures
introduction on Bitcoin the 7th of December 2017. The start and end of the time-series refer to the first and last
three months of our time frame, that is from August 2017 to November 2017 and from April 2018 to July 2018.
The adjusted-R? comes from the regression in equation 3.8 computed on a daily basis.
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TABLE J.3: Comparison of the average weekly adjusted R? by periods (1)

Pre-bubble Post-bubble Pre-futures Post-futures Start of series End of series

BCH

EWPQS 0.1791 0.0411 0.0925 0.1187 0.0339 0.0639
SWPQS 0.1435 0.0300 0.0773 0.0898 0.0267 0.0521
TWPQS 0.1787 0.0394 0.0924 0.1191 0.0333 0.0663
SWPES 0.2376 0.0581 0.1873 0.1641 0.1132 0.1479
SWPTS 0.1608 0.0322 0.1137 0.1064 0.0504 0.0895
EWDEPTH 0.0077 -0.0052 0.0080 0.0004 0.0099 0.0039
BTC

EWPQS 0.1654 0.0538 0.1089 0.1140 0.0599 0.0192
SWPQS 0.1488 0.0380 0.0948 0.096 0.0520 0.0130
TWPQS 0.1659 0.0552 0.1111 0.115 0.0609 0.0178
SWPES 0.2952 0.0913 0.2773 0.2227 0.2447 0.1749
SWPTS 0.2486 0.0445 0.2031 0.1651 0.1531 0.0793
EWDEPTH 0.0029 0.0001 0.0071 0.003 0.0071 0.0079
EOS

EWPQS 0.1833 0.0329 0.0387 0.1066 0.0452 0.0442
SWPQS 0.1509 0.0201 0.0262 0.0784 0.034 0.0370
TWPQS 0.1803 0.0339 0.038 0.106 0.0433 0.0484
SWPES 0.2774 0.0405 0.0871 0.1573 0.0500 0.210
SWPTS 0.1548 0.0209 0.0458 0.0967 0.0207 0.1240
EWDEPTH -0.0005 0.0220 0.0029 0.0090 0.0035 0.0058

Pre-bubble and post-bubble periods refer to one month prior and one month after the end of Bitcoin bubble the

28th of January 2018. Pre-futures and post-futures refer to three months prior and three months after futures
introduction on Bitcoin the 7th of December 2017. The start and end of the time-series refer to the first and last
three months of our time frame, that is from August 2017 to November 2017 and from April 2018 to July 2018.
The adjusted-R? comes from the regression in equation 3.8 computed on a weekly basis.
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TABLE J.4: Comparison of the average weekly adjusted R? by periods (2)

Pre-bubble Post-bubble Pre-futures Post-futures Start of series End of series

ETH

EWPQS 0.1403 0.0663 0.1024 0.1152 0.0615 0.0766
SWPQS 0.1193 0.0523 0.0735 0.0918 0.0448 0.0701
TWPQS 0.1410 0.0688 0.1039 0.1178 0.0627 0.0889
SWPES 0.2378 0.1160 0.1790 0.2150 0.1356 0.1534
SWPTS 0.1841 0.0618 0.1288 0.1334 0.0846 0.0667
EWDEPTH 0.0023 -0.0025 0.0056 0.0012 0.0046 0.0078
XRP

EWPQS 0.2293 0.0273 0.0712 0.1318 0.0607 0.0516
SWPQS 0.1939 0.0190 0.0482 0.1074 0.044 0.0427
TWPQS 0.2293 0.0282 0.0710 0.132 0.0589 0.0554
SWPES 0.4047 0.1247 0.1262 0.2923 0.0866 0.1680
SWPTS 0.3513 0.1142 0.0651 0.2336 0.0293 0.0924
EWDEPTH 0.0037 0.0007 0.0039 0.0027 0.0016 0.0062

Pre-bubble and post-bubble periods refer to one month prior and one month after the end of Bitcoin bubble the

28th of January 2018. Pre-futures and post-futures refer to three months prior and three months after futures
introduction on Bitcoin the 7th of December 2017. The start and end of the time-series refer to the first and last
three months of our time frame, that is from August 2017 to November 2017 and from April 2018 to July 2018.
The adjusted-R? comes from the regression in equation 3.8 computed on a weekly basis.
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TABLE K.1: Results of the tests of means between the av-
erage daily adjusted-R? by periods

Bubble Futures Start-end

Hy: s < Ue M3 < Hs U1 < U2
Hy : Us > He M3 > P4 Y1 > U2
BCH

EWPQS 0.0343 0.1801 0.9264
SWPQS 0.0861 0.2028 0.9468
TWPQS 0.0620 0.1273 0.9595
SWPES 0.2059 0.7844 0.9997
SWPTS 0.1173 0.1719 0.9961
EWDEPTH 0.9088 0.6302 0.0574
BTC

EWPQS 0.1773 0.1819 0.0355
SWPQS 0.6350 0.4267 0.0188
TWPQS 0.1906 0.1550 0.0101
SWPES 0.3201 0.2757 0.7233
SWPTS 0.2337 0.0328 0.0855
EWDEPTH 0.8009 0.1702 0.320
EOS

EWPQS 0.6487 0.9773 0.9938
SWPQS 0.8113 0.9774 0.995
TWPQS 0.6337 0.9843 0.9977
SWPES 0.0409 0.9958 0.9999
SWPTS 0.0103 0.9955 0.9999
EWDEPTH 0.7321 0.6678 0.3541
ETH

EWPQS 0.3006 0.9151 0.9882
SWPQS 0.1721 0.8509 0.9973
TWPQS 0.3804 0.9530 0.994
SWPES 0.4704 0.9605 0.9982
SWPTS 0.0013 0.9210 0.8044
EWDEPTH 0.3697 0.0799 0.209
XRP

EWPQS 0.1739 0.5273 0.6868
SWPQS 0.2683 0.3406 0.7624
TWPQS 0.1690 0.5101 0.8842
SWPES 0.0425 0.9999 0.9999
SWPTS 0.0016 0.9999 0.9999
EWDEPTH 0.8896 0.7045 0.7691

y; stands for the mean value of the adjusted R? result-
ing from regression 3.8 over time-period i. First, we com-
pare the adj. R? one month prior (us) and one month
after (u¢) the end of Bitcoin bubble the 28th of January
2018. Second, we compare three months prior (y3) and
three months after (p4) the introduction of Futures on Bit-
coin. Third, we compare the first three months of our
time-series (p1) (August to November 2017) to the three
last months of our time-series (p) (April to July 2018).
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TABLE K.2: Results of the tests of means between the av-
erage weekly adjusted-R? by periods

bubble futures start-end

Hy: s < Ue M3z < Hs HP1 < U2
Hi : Hs > He H3 > M4 H1 > H2
BCH

EWPQS 0.0582 0.7048 0.9511
SWPQS 0.0773 0.6166 0.9755
TWPQS 0.0579 0.7074 0.9609
SWPES 0.0080 0.3412 0.8539
SWPTS 0.0204 0.4391 0.9760
EWDEPTH 0.1378 0.1039 0.2307
BTC

EWPQS 0.1259 0.5407 0.0273
SWPQS 0.1048 0.5133 0.0160
TWPQS 0.1283 0.5302 0.0234
SWPES 0.0219 0.1723 0.0344
SWPTS 0.0039 0.1997 0.0022
EWDEPTH 0.0747 0.1713 0.5590
EOS

EWPQS 0.0412 0.9603 0.4808
SWPQS 0.0410 0.9440 0.5521
TWPQS 0.0451 0.9605 0.6063
SWPES 0.0064 0.9232 0.9999
SWPTS 0.0191 0.9364 0.9999
EWDEPTH 0.8087 0.7305 0.6941
ETH

EWPQS 0.1057 0.6159 0.7204
SWPQS 0.0937 0.7059 0.8933
TWPQS 0.1092 0.6262 0.8126
SWPES 0.0345 0.7359 0.6764
SWPTS 0.0051 0.5399 0.2532
EWDEPTH 0.2197 0.1439 0.7417
XRP

EWPQS 0.0473 0.8686 0.3541
SWPQS 0.0539 0.8953 0.4568
TWPQS 0.0481 0.8726 0.4418
SWPES 0.0062 0.9967 0.9998
SWPTS 0.0126 0.9984 0.9999
EWDEPTH 0.3776 0.3967 0.7933

y; stands for the mean value of the adjusted R? result-
ing from regression 3.8 over time-period i. First, we com-
pare the adj. R? one month prior (u5) and one month
after (u4) the end of Bitcoin bubble the 28th of January
2018. Second, we compare three months prior (y3) and
three months after (y4) the introduction of Futures on Bit-
coin. Third, we compare the first three months of our
time-series (y1) (August to November 2017) to the three
last months of our time-series (p2) (April to July 2018)
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