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Abstract

This thesis examines the price impact of order book events in the Bitcoin mar-
ket. Using the data obtained from Binance exchange, the thesis shows that
short-term price changes can be explained by high-frequency demand-supply
interaction depicted in the Limit Order Book (LOB). The thesis demonstrates
that the instantaneous price impact function has a non-linear shape, indicating
that small and large orders have different effects on price, potentially leading
to opportunities for price manipulation and quasi-arbitrage. Additionally, the
analysis confirms the inverse relation between the price impact coefficient and
market depth. Furthermore, the thesis observes that there are no clear intra-
day patterns for the price impact coefficient. These findings provide valuable
insights into the understanding of Bitcoin’s price dynamics, benefiting traders,
investors, and policymakers seeking to understand the complexities of the cryp-

tocurrency market.

JEL Classification C58, G12
Keywords Bitcoin, price impact, market microstructure,
limit order book
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Abstrakt

Tato prace zkoumé vliv udalosti v knize objednavek na cenu pro trh s Bit-
coinem. S vyuzitim dat z burzy Binance ukazuje, ze kratkodobé zmény cen
lze vysvétlit pomoci vysokofrekvencénich interakci mezi poptavkou a nabidkou
zobrazenou v knize limitnich objednavek. Odhadnuta funkce cenového vlivu
ma nelinedrni tvar. Tento vysledek naznacuje, ze malé a velké objednavky
maji rozdilny vliv na cenu, diky ¢emuz muze dochézet k cenové manipulaci a
arbitrazi. Analyza rovnéz potvrzuje inverzni vztah mezi koeficientem cenového
dopadu a hloubkou trhu. Dale prace konstatuje, ze pro koeficient cenového
dopadu neexistuji jasné denni vzorce. Tato zjisténi poskytuji cenné poznatky
pro pochopeni cenové dynamiky Bitcoinu a jsou prinosem pro obchodniky, in-

vestory a regulatory, ktefi se snazi pochopit komplexnosti trhu s kryptoménami.
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Chapter 1
Introduction

First cryptocurrency, Bitcoin, was introduced by Nakamoto (2008) as a decen-
tralized digital currency, which relies on the technology called blockchain. In
a blockchain-based system, transactions are validated and recorded on a dis-
tributed ledger, allowing secure peer-to-peer interaction between participants
without the need for supervision from a trusted third party. Since the intro-
duction of Bitcoin, many other cryptocurrencies have been introduced such
as Ethereum, Dogecoin and Tether. Nevertheless, Bitcoin is still the most
widely known and traded cryptocurrency with the highest market capitaliza-
tion among cryptocurrencies. As of 23/7/2023, the market capitalization is
580 Billion USD which is twice the GDP of the Czech Republic in 2021'. Even
though Bitcoin was presented as a currency, findings of Baur et al. (2018)
suggest that the majority of the transactions are made for the purpose of spec-
ulative investment rather than for purchasing goods or services. Leading to
a notion that Bitcoin is closer to a speculative investment asset instead of a
medium of exchange.

Bitcoin is traded on various exchanges around the world, which, like stock
exchanges, utilize a Limit order book, electronic continuous-time double- auc-
tion mechanism. But unlike more traditional financial markets, which are reg-
ulated, the markets for cryptocurrencies are mostly unregulated and open for
trading 24 hours 7 days a week. The unique characteristics of cryptocurrency
markets together with the high volatility of Bitcoin make them an interesting
subject for market microstructure research.

This thesis studies whether short-term changes in the price of Bitcoin can

be explained by the measure of high-frequency demand-supply interaction de-

Hnformation comes from the website https://blockworks.co/price/btc
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picted in Limit Order Book (LOB). The aim is to examine the shape of the
price impact function, the relationship of price impact to market depth, and
to investigate intraday patterns of the price impact coefficient by applying the
methodology developed by Cont et al. (2014).

The price impact can be defined as a correlation between an incoming buy
or sell order and the price change associated with that order, buy trades should
on average push the price up, while the opposite is true for sell orders. For
traders each subsequent buy trade is typically costlier than the initial one due
to their own influence on the price (vice-versa for sell orders). The size of
the price impact is determined by the market depth. Lower market depth is
associated with higher price impact as markets are less able to absorb large
orders (Farmer et al. 2004; Weber & Rosenow 2006). Thus, the relationship
between market impact and liquidity (market depth) is inverse.

Studying the price impact is essential for market participants as it provides
insight into the price formation mechanics of the market, and can help with
managing and mitigating risks and costs connected to orders. The optimal
liquidation of a large block of shares is a particularly important application,
which crucially involves making assumptions about price impact (Obizhaeva &
Wang 2013; Almgren & Chriss 2001; Bertsimas & Lo 1998). For this reason,
there exists a large body of literature that concerns itself with the price impact
of trades (Hasbrouck 1991; Kempf & Korn 1999; Potters & Bouchaud 2003;
Gabaix et al. 2003; Plerou et al. 2002). Bouchaud et al. (2003) connected
the decline of the price impact of trades with limit orders, further supported
by findings of Weber & Rosenow (2005) that the price impact of trades is
diminished by the arrival of limit orders. These empirical findings suggest
that focusing only on trades, without considering the impact of limit orders,
overlooks a significant aspect of the price formation process (Cont et al. 2014).

As the Bitcoin market matures it starts to draw the attention of institutional
investors, but they can be hesitant to enter the Bitcoin market when they do
not know risks and specifics on how orders affect prices in this environment.
There is a scarcity of studies that provide the insight about the price impact in
cryptocurrency markets (see Silantyev (2019); Donier & Bonart (2015)) which
my thesis aims to fill.

Cont et al. (2014) argue that over short time intervals, price changes are
mainly driven by the OFI, which is defined as the imbalance between supply and
demand at the best bid and ask prices. Cont et al. (2014) found that the rela-

tionship of instantaneous price impact of order book events is linear. However,
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my analysis suggests that the price impact is a non-linear increasing function.
According to Huberman & Stanzl (2004) non-linearity of price function implies
that in the Bitcoin market there are opportunities for price manipulation and
arbitrage to make risk free profits. Cong et al. (2022) describe how such price
manipulation can occur in the Bitcoin market in the form of wash trading
which is able to distort price, volume and volatility by placing buy and sell
orders at the same time for the same asset, and thus create the appearance of
legitimate trading volume. Leading to reduction of investors’ confidence and
participation in financial markets Cong et al. (2022); Aggarwal & Wu (2006);
Cumming et al. (2011). Such price manipulation is made possible because the
Bitcoin market is largely unregulated.

I estimated the relation between price impact coefficient and the market
depth. My results show that unit change in market depth(liquidity) will in-
voke more than a unit change in price impact coefficient. This result is crucial
for traders who post large orders. Bitcoin market still exhibits relatively low
liquidity compared to traditional financial markets. In this environment large
orders are usually executed using lower than the best price in LOB and there-
fore push the price up (or down) for buy (or sell) orders. It follows from the
estimated relation between market impact and market depth, that the price
impact, which can be seen as a cost by traders, introduced by large orders is
higher in the Bitcoin market. Thus, by placing a large order traders reveal to
the market, that they have a new information about future price moves and
deem such action as profitable despite the associated higher costs.

I also find that there is no clear intraday pattern, as seen on other financial
markets. Most financial markets are open from 9:00 to 16:00, Cont et al. (2014)
find that in the beginning the market is two times lower than on average during
the day. In a shallow market the incoming orders are likely to trigger the mid-
price change, so the price impact coefficient is high. I would attribute the fact
that I was not able to observe such a pattern to the design of the Bitcoin market
which is open 24/7.

The thesis is structured as follows: Firstly, Chapter 2 introduces to a reader
the electronic order driven markets and literature related to price impact for
more traditional financial markets and concludes with introduction of price im-
pact literature for Bitcoin market. Chapter 3 describes Stylized Model of Limit
Order Book, data and variables used and proposes a model of instantaneous
price impact. Chapter 4 presents results of estimated models and discusses the

interpretation of the results of my research. Lastly, Chapter 5 concludes my
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thesis by summarising and highlighting the key findings.



Chapter 2

Literature Review

2.1 Electronic Order-Driven Markets

Since the introduction of the first electronic order-driven market (NASDAQ) on
8.2.1971 in the USA, automated trading and dealing essentially supplanted the
floor-based trading in equity markets. Today, majority of equity exchanges such
as the NYSE, the Tokyo Stock Exchange, Toronto Stock Exchange, Vancouver
Stock Euronext (Paris, Amsterdam, Brussels), and the London Stock Exchange
and cryptocurrency exchanges such as Binance, Kraken, Bitfinex either fully or
partially implemented an electronic continuous-time double-auction mechanism
based on a fundamental concept of LOB. Unlike markets where a single market
maker or specialist gathers all buy and sell orders and provides liquidity by
setting bid and ask quotes, this electronical mechanism aggregates in real time
all outstanding limit orders to a LOB which is accessible to all market partici-
pants, market orders are then mechanically matched and executed against the
best present prices (quotes), thus allowing buyers and sellers to trade directly
with each other. The most recent market actions and corresponding shifts in
supply and demand lead to continuous updating of LOB in real-time.

Due to the accessibility of limit order book to all market participants, there
is increased access to high-quality, high-frequency data of transactions, quotes,
and order flow. Cont (2011) states that the time it takes for market orders
to be executed on these electronic exchanges has decreased from more than 25
milliseconds in 2000 to less than 1 millisecond in 2010, while the frequency of
order submission has grown, leading up to 100 000 updates per day in bid and
ask quotations as well as regular changes in transaction costs. For Bitcoin data

that I used the number of quotation updates reaches 150 000 updates per day.
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The high-frequency data that LOB provides have completely changed the
way how financial markets are studied. The abundance of information about
market participants’ actions that these data give can be used to draw distinct
relations between order flow, liquidity, and asset price movements (Cont 2011).
The study of this area is often referred to as market microstructure. According
to Bouchaud et al. (2018) market microstructure describes how actions of in-
dividual traders affect the market as a whole and, in particular, how the price
formation process can be derived from these actions. This creates a distinction
between market microstructure and other fields of study, such as financial risk
management, which generally tend to take price as an input in their models.

Results from the models of high-frequency data are often used as a basis
for decision making in areas such as market making and regulation, or risk
management. The models themselves also serve as a foundation for optimal

trade execution as well as for market design.

2.2 Price Impact

The critical problem where market microstructure models are used is an optimal
liquidation of a big block of shares given a defined time horizon (Bertsimas &
Lo 1998; Almgren & Chriss 2001; Obizhaeva & Wang 2013). For this kind of
a problem, it is essential to make assumptions about price impact, which is
defined as the effect of a market participant’s trading activity on the price of
an asset or security. For traders, this price is the equivalent of trading costs,
since each subsequent trade is more expensive because buy trades on average
push the price up (the opposite is true for sell trades).

Bouchaud et al. (2018) states that there are two perspectives on interpreta-
tion for price impact that sit on the complete opposite of a spectrum. First, the
efficient-market hypothesis states that at any given time, prices fully reflect all
available information. This perspective explains the price impact by the fact
that market participants accurately predict short-term price fluctuations with
the new information available and make their trading decisions based on these
forecasts. So for example when a trader is expecting a price increase he will
purchase the asset ahead of this anticipated change. This action undeniably
leads to positive correlation between trades and subsequent price change.

The other interpretation, that Bouchaud et al. (2018) mentions, is efficient-
market sceptic perspective, it states that the information does not have an

influence on price fluctuations rather that price fluctuations are a consequence
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of a completely unpredictable order flow which leads to certain dynamics within
the LOB. In other words, prices move only because of trades. Then if everything
else remains unchanged, an additional buy order will on average cause a price
to rise. In this setting the price impact is a completely mechanical result of
fluctuation in supply and demand (see Farmer et al. (2005)). Although both of
these perspectives explain what causes the price impact, there is no consensus
on which view is closer to reality.

Although price impact could be modelled by construction of a LOB model,
such model would inherently predict price impact conditional on the placed
order. In this thesis, however, I am going to focus on modelling price impact
by joint analysis of order flow and price time series.

Toth et al. (2017) are concerning themselves with the question which per-
spective is closer to reality. They are comparing a price impact from the trades
of Capital Fund Management in their proprietary dataset with the price impact
of the rest of the market. The proprietary dataset They find that there is a
little difference between public data and proprietary data on short time scales
suggesting that the short term price impact is universal for all market partici-
pants. This leads to the notion that the short term price impact is a statistical
property of the market and has nothing to do with the information content of
the trades, which become apparent only within larger timescales. This result
seems intuitive as liquid stocks are traded with very high frequency, in matter
of seconds, much quicker than any relevant information can be incorporated
to the prices by participants. This finding is very important since most of the
empirical studies of price impact use public data with anonymised orders to
calibrate their models which only assumed that the price impact of informed
trade is the same as that of the uniformed trade.

Hasbrouck (1991) introduced a very popular method of modelling the price
impact by jointly analysing the dynamics of price and order flow using vector
autoregression (VAR) systems. VAR model uses ordinary least squares (OLS)
estimation of coefficients of the assumed general noisy relation between vari-
ables. One of the key findings of Hasbrouck (1991) is that the price impact
function of order flow is increasing and concave. This is supported by many
other studies which concerned with price impact of market orders (Kempf &
Korn 1999; Gabaix et al. 2003; Potters & Bouchaud 2003; Plerou et al. 2002)

Bouchaud et al. (2003) are analysing data from the Paris stock market and
empirically find that the price process is almost exactly purely diffusive and

that there is long range correlation of signs of the trades. They argue that
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if the price impact of a trade is permanent, it would lead to strong robust
super-diffusion of the prices, however, that would contradict their empirical
findings. Therefore, they introduce a ’propagator’ or transient impact model
(TIM), where price is represented as a linear superposition of the impact of
all previous trades mediated by a propagator function in time and depicts the
market’s reaction to a specific trade. The key to the overall diffusive behaviour
of the price process is in the shape of the propagator function and its decay in
time which must follow a power law that leads to sub-diffusion of the prices to
counter the super-diffusion which falls from the strong correlation of the trades
sign.

Bouchaud et al. (2003) discuss theoretically that this fluctuation and re-
sponse relation could emerge from the opposite tendencies of market makers
and liquidity takers. Best scenario for market makers (liquidity providers) is
when the bid and ask prices are as stable as possible and the order flow is
balanced, because only in this setting they have ensured earning of the bid-ask
spread from each round-trip trade. The observed imbalance of order flow, for
example market maker receives many more sell orders than buy orders could
be a signal that market maker’s bid price is too high and that the liquidity
takers have new information about the future price decrease. If it is the case,
it leads to accumulation of large inventory of the asset, which can lead to a
loss after the price decreases. However, the market maker can manage this
inventory risk by changing prices, decreased bid price discourages selling and
increases ask price encourages buying. This is exactly the mechanism of the
mean reversion of the price (long-range anti-persistance in price changes).

The reason that liquidity takers break down their market orders into chunks
that are traded over longer time horizons is to conceal their information about
the price change and an effort to avoid any sudden price changes that would
make the trades more costly. Bouchaud et al. (2003) argue that this is the expla-
nation of the long-range persistence in the sign of the market orders (Bouchaud
et al. 2003; Hasbrouck 1991; Lillo & Farmer 2004), which should lead to super-
diffusion of the price process. These two effects offset each other and lead to
overall diffusive price behaviour.

Cont et al. (2014) argue that it is exactly for this reason that focusing only
on market orders amounts to ignoring a crucial part of the price formation
process, which is realised through limit orders. This is further motivated in
Eisler et al. (2012) who argue that in the modern market setting it is impossible

to recognise between market maker and liquidity taker as informed traders can
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place limit orders as well to reduce their transaction costs. Therefore, limit
buy order increases the upward pressure on price and cancelling the limit buy
order reduces this pressure.

Hautsch & Huang (2012) focus on modelling market impact of limit orders
from the outset using data of 30 different stocks on the Euronext Amsterdam
exchange over a period of two months in the year 2008. They model the top
three levels of depth on both sides of the market, along with the bid and
ask quotes using a cointegrated VAR system model. Their empirical analyses
provides further evidence that limit orders can have an impact on the price
formation. One of the findings reveals that placing large aggressive limit orders
can influence the market such that the market price moves towards the price
of the posted large limit order. Aggressive limit order is such limit order that
leads to a change of bid or ask price, which results in narrowing the difference
between the two. Reasoning behind this process could be that placing a large
limit order can signal to the market that significant buyer or seller shifts his
valuation of the asset price based on an information, which can influence other
market participants to accept this new price as a market price.

Cont et al. (2014) formalise the OFI, which is an aggregate of volumes of
order book events such as market, limit and cancel orders into a single variable
(measure) and it treats contributions of market events equally. They provide
theoretical and empirical evidence that between high-frequency price changes
and the OFI of individual stocks exists a linear relation and that this linear
connection is robust across different stocks and time scales. Furthermore, they
argue that OFI serves as a broader measure of supply/demand dynamics than
trade imbalance (imbalance that consists of only market orders/trades).

Other notable study that tries to provide understanding of price impact of
all order book events is Eisler et al. (2012). They start with discrete catego-
rization of market events (market orders, limit orders and cancellations) and
introduce History Dependent Impact Model (HDIM), which is able to associate
each price change with one of these events. Eisler et al. (2012) find that by
including all event types, the price becomes pure jump process. They also con-
firm that the interplay between limit orders and market orders is what prevents

persistent trends in prices.
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2.3 Bitcoin

Bitcoin financial literature is a rapidly growing field, Hardle et al. (2020) pro-
vide a broad overview of the blockchain technology, which serves as a backbone
of cryptocurrencies and secondly the comprehensive summary of research pos-
sibilities. One of the mentioned study Ghysels & Nguyen (2019) examines the
information content and liquidity of the limit order book on a leading Bitcoin
exchange. Their study reveals, that trades and limit order at the best price
(bid and ask) are the most informative, they also find existence of intricate
dynamics between liquidity and volatility in the Bitcoin market. High asset
volatility leads to worsened liquidity due to adverse selection, while low volatil-
ity environments see improved liquidity, where adverse selection refers to the
a situation where traders with more information can take advantage of traders
with less information.

Mark et al. (2022) developed a reflexivity index for the Bitcoin market
and conclude that that about 80% of mid-price changes are determined within
the market itself, which is significantly lower compared to equity, where the
value is closer to 1. They further discuss that the level of endogeneity in the
crypto market is similar to that found in foreign exchange markets for national
currencies, which share certain key characteristics with Bitcoin.

Donier & Bonart (2015) present an empirical analysis of market impact of
meta-orders in the Bitcoin/USD exchange market using a dataset of over one
million meta-orders. Meta-orders are large orders, whose execution is spread
over a certain time period. Their findings indicate that the Bitcoin market
shows comparable response to trades and also the serial dependence of orders as
is present on mature liquid financial markets. Thus they confirm that the square
root impact law for individual meta-orders observed on the financial markets
also holds true for the Bitcoin (BTC)/United States dollar (USD) market. The
square root law is empirical law, that states that the price impact of a trade is
proportional to the square root of the trade size. Donier & Bonart (2015) argue
the presence of this law on the Bitcoin market, which, compared to financial
markets, has different characteristics such as daily traded volume and volatility
could imply that the square root law is universal across markets. However, they
found that the Bitcoin market reacts to the total order flow rather than to
the individual meta-orders, suggesting that market participants do not detect
the meta-orders. This means that the effects of different meta-orders are not

independent of each other, and their combined effect is not simply the sum
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of their individual effects. Instead, the impact of one meta-order can depend
on the presence of other meta-orders leading to a more complex, non-linear
relationship.

Donier & Bonart (2015) also show that typically 30-40% of daily traded
volume is present in the LOB at the start of the day. This emphasizes the
significant role that LOB in the Bitcoin market has since a large fraction of
liquidity is not hidden. This is in stark contrast to traditional financial markets
where less than 1% of daily traded volume is revealed in the morning Wyart
et al. (2008).

Silantyev (2019) analysis short-term price impact of order book events with
methodology developed by Cont et al. (2014). He uses quotes and trade data
from BitMex exchange and computes both OFI and Trade Flow Imbalance (TFI)
over different time intervals ranging from 1 second to 1 hour. OFI measures
all order book events including market orders, limit orders and cancellations,
whereas TFI measures only net volume of buy and sell trades. Silantyev (2019)
finds that there are statistically significant positive linear relationships between
each measure and mid-price changes across all time intervals and demonstrates
that TFI is better at explaining contemporaneous mid-price changes than OFI
at all time intervals, except the 10 seconds time interval. This is in contrast to
findings in study by Cont et al. (2014) where authors found for classical financial
markets that OFI is a broader measure, which contains more information about
the price changes and in result leads to better explanation of price changes than
TFI. Despite this finding I am following results of better established literature
Cont et al. (2014) and use OFI in my analysis.

Guo & Antulov-Fantulin (2018) propose a temporal mixture model to fore-
cast short-term volatility in prices in the Bitcoin market. They use data of
realized volatility observations over short time periods and they reformat the
order book data such that it constitutes a series of features and formulate the
volatility prediction problem as a task of learning predictive models. They
use a temporal mixture model to establish the dynamic effect of order book
features on short-term volatility evolution and find that this type of model in
most cases outperforms other modeling approaches, such as time series models

and ensemble methods and that this type of approach is robust.



Chapter 3

Methodology

3.1 Quotes and Trades

Market participants can place two types of buy or sell orders. A limit order
specifies the quantity ¢ of a security to trade and a specific price P at which
to trade the security and is posted to an electronic trading system. Price P
must be a multiple of the minimal price change, called tick . The LOB is the
collection of all outstanding limit orders from market participants, it shows the
quantities of security available for trade at each price level. The bid (or ask)
price is the maximum (or minimum) price for which the market participant is
willing to buy (or sell) the security. Hence, we can think about the bid side of
LOB as a demand and inversely ask side of LOB as a supply of the asset.

A market order is the second type of an order, it instructs to buy (or sell) a
certain amount of an asset at the best price offered in the LOB. Upon arrival,
the market order is immediately matched to the best available price in the LOB.
If the market sell (or buy) order of size z is executed, then the quantity at the
bid (or ask) price is decreased by = and the trade takes place.

A limit order remains in the order book until it is either executed against
the market order or canceled by the market participant who placed the order. If
a limit order matches the bid/ask prices or is close to them, it can be executed
very quickly. On the other hand, if the market price shifts far from the desired
price or the requested price is considerably different than the bid (or ask) price,
the execution might take a considerable amount of time. It is important to note
that the limit order can be subject to cancellation at any given moment. The
cancellation holds true for most limit orders on electronic exchanges. According
to Cont (2011) nearly 80% of limit orders on liquid stocks on the NYSE and
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NASDAQ are canceled within a second of being posted.

The quote data contain information on how the bid and ask prices, along
with the corresponding quantities quoted at these prices evolved over time.
Every time a limit order is posted, realized against a market order, or canceled,
these quantities change. The term 'level-1 order book" is sometimes used for
quote data because they match the data at bid/ask, which is the first level of
the order book.

3.2 Quotes Data

My main data set consists of quotes data from Binance exchange for Bitcoin
over a time period from 15/11/2020 to 14/2/2022. I have it stored by days,
therefore, I have 457 files, one per each day. One entry in quotes data contains
a timestamp, exchange and symbol flags, best bid and ask price, bid volume
and ask volume for Bitcoin. The format of the timestamp includes date and
time in milliseconds.

The average daily number of quote updates is 1 955.9 thousands. The
average mid-price is 440 086.96 USD and it changes through the day on average
578 187 times. The average spread is 37 cents, the average best bid quote size
is 513.28 BTC, and the best ask quote size is 552.55 BTC. There is one period
between 13:20:36.595 and 15:10:27.582 on May 19, 2021 where there is empty
LOB as both AP and OFI are zero. Similarly, on January 4, 2021, I was not
able to compute the first 15 observations of AP and OF'I since the first update
to quotes occurred at 00:02:34.

Table 3.1: Exchange Data

timestamp ask amount ask price bid amount bid price
2021-11-15 00:00:00.135 2.405 65568.39 0.684 65568.38
2021-11-15 00:00:01.859 2.405 65568.39 0.594 65568.38
2021-11-15 00:00:02.153 3.341 65568.39 1.653 65568.38
2021-11-15 00:00:02.816 3.341 65568.39 1.652 65568.38
2021-11-15 00:00:02.989 3.319 65568.39 1.633 65568.38

Note: Data come from Binance exchange.
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3.3 Stylized model of the Limit Order Book

Cont et al. (2014) assumes simplified model of an LOB which he calls a Stylized
Model of the Limit Order Book (LOB). The main assumption of Stylized Model
is that the depth D (the number of shares) is equal to constant value D at every
price level including the best bid and ask. This implies that order arrivals and
cancellations are limited to best bid and ask prices exclusively because a new
best level is initialized every time when bid (or ask) size reaches the value of D.
For the bid (or ask), the subsequent limit order arrives 1 tick above (or below)
the best available quote. Under these assumptions, I have additive effects of the
individual order events. When I take time interval [t_;, ], let L? represent
the cumulative size of limit buy orders that have arrived during the given time
interval and CP denote the total size of buy orders that were canceled from the
current best bid within the same time interval. In addition, I use the following
definitions, M} represents the total size of market buy orders that have been
received at the current best ask during the time interval and P{ represents the
bid price at time ¢;. The quantities Lf, C}, M} are defined analogously for
limit sell order, sell order cancellation, and market sell order, the P is the
ask price. Cont et al. (2014) argues that thanks to this simplified order book
model there exists simple linear relations between order flows Ly%, Cp®, My*"
and price changes AP = (P,f’a — P,ffl):

b __ b a

AP} =6 V’ﬂ % Mﬂ (3.1)
e — (e — Mb

AP = —§ { b % ﬂ : (3.2)

where ¢ is tick size. These relations allow us to compute price change over
period [tg_1, ;] directly.

For example when D = 10, and in given time interval occur first market
sell order of size 16, M} = 16. The bid price change will be —¢ and bid size on
the new price will be 4. After that will arrive limit buy order of size 7, L} = 7.
That will change the price by d back to previous value and on the new price the
bid size will be 1. Lastly, I record limit buy cancel order of size 14, C? = 14,
which will change the bid price by 2 ticks —20 and on the new price the bid



3. Methodology 15

size will be equal to 7. So the overall change is equal to —24.

b __ b a _ _
AP’g:(ﬁLk ct Mﬂzév 14 — 16

D 10 W:_%

The proposed relations are without parameters, the effect of all order book
events is cumulative and relies solely on their net imbalance. I am following

Cont et al. (2014) also in that the following analysis is carried out for mid-price
P4 P

changes normalized by tick size AP, = ~55

, instead of analyzing bid and ask

prices separately.

OF1
AP, = 2D’“ + €, (3.3)
OFI), = L} — CY — M — L&+ C¢ + M}, (3.4)

where OFI, is the order flow imbalance and € is the truncation error.

3.4 Variables

I define the variables that I will use same as Cont et al. (2014). I begin with
taking every observation of bid and ask, which is formed by the bid price P?,
the bid queue size ¢* and the ask price P® and size ¢®. I label them with the
index n and calculate the differences between consecutive observations of P2,

¢, P2, ¢ as follows:

en = qliprspr = @y lipepr = Gulipe<pe y + o i Ipespe 3, (3.5)

where I is the the price-conditional identity function.
In line with Cont et al. (2014), each variable e, is a signed contribution of
one order book event to supply/ demand and only one of the following events

between any two observations of e, can occur:
o P°> PP or ¢ > ¢’ , signifying an increase in demand
o PP < PP  orq) < ¢, signifying an decrease in demand
e P < P! | orq’> g, signifying an increase in supply

o PP < P’  orq <q_, signifying an decrease in supply
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When new limit buy order arrives, there is a situation where demand increases.
Further, one of the following things could happen, either price P’ does not
change and only the quantity ¢” increases. In this case e, = ¢© — ¢®_, which is
the size of that order. Or P’ increases, this means that the new limit buy order
was price improving order and initiated new best bid quote. And in this case
en = ¢. If there is decrease in demand, there will be a situation where either a
market sell order or a limit buy order cancellation will arrive. Cont et al. (2014)
notes that variable e,, does not differentiate between market orders or cancel
orders. If ¢° decreases and price remains the same, we have e, = ¢, — ¢n_1,
which represents size of either market sell order or order buy cancellation. If P
decreases e, = —q®_, represents last order in the queue after the best bid was
removed by market sell order or limit buy cancellation. Symmetric reasoning
is done also for ask side.

I am following Cont et al. (2014) in the use of the same two uniform time
grids {Ty,...,T,,} and {too,...,trx} with time steps T; — T;_; = 30min and
thi — th_1; = At = 10s.! Within each 30 minute time interval [T} ,,T;] T
compute 180 price changes and OFIs indexed by k:

Pb + pa Pb + pa
AP, = N(tk,i) N(tk,i) B N<tk71,i) N(tkfl,i) (3 6)
" 20 20 '
N(tk’i)
OFL;= Y e (3.7)

n:N<tk_17i)+1

Where the first order book event in the interval [¢;_1;, ;] is indexed
N (ty—1,) + 1 and the index N () is assigned to the last order book event in
the same time interval [t;_1;,tx;]. The tick size ¢ is equal to 1 cent in my data.

I begin with loading the data day by day into a data frames. For each of
the data frames, I compute e, for every row except the first one, because I do
not have data to be able to compute it and I also compute mid price for every
row. Then I began to resample this data frame by timestamp for 10 second
intervals and for each resampled data frame I sum the e, to form OFI for that
time interval and AP by taking the first mid price value and subtracting it
from the last mid price value in resampled data frame. This gives me data
frame with mid price changes and OFI over 10 second intervals.

The depth is computed by running the following equation for every 30

!The choosing process of that interval is described in the section 5 of Chapter 3.
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minute long time interval. The equation takes the average of bid and ask queue
sizes immediately prior or after a change of price considering the stylized order

book model’s description of depth.

N(T3)

Y (@lieperry + G o
. 1 | on (q {Py<Py_} T dn—1 {P};>Pn_1})
P = 5 N(T;) I

Zn:N(Ti71)+1 {Pg%Pg—l}

. (3.8)

Z (qg[{P7cLL>Pg_l} + quflj{Pﬁ<PS—1})

n=N(T;-1)+1
+ N(TY)
> Lipezpe )

n=N(T;-1)+1

where [ is the the price-conditional identity function.

3.5 Choice of Timescale

I compute AP;; and OFI}; according to equations 3.6 and 3.7 and estimate
equation 4.1 for five different At € {1s,5s, 10s, lmin, 2min, 5min}. T am mak-
ing these computations for only one day, because for the whole period of 457
days it would be computationally demanding. I choose the date randomly and
[ split the computation to two parts, for timestamps At € {1s,5s,10s} and
At € {Imin,2min,
bmin}. For the first group I directly compute variables AP ; and OFI; ac-
cording to equations 3.6 and 3.7 and continue with OLS estimation of equation
4.1. And for the second group of larger timescales I needed to pool data across
30 days to preserve large number of observations APy ; and OFI, ; per separate
30 min intraday intervals. For example when At = 5 minutes, there would be 6
observations for single half hour subsample, which would not produce reliable
estimates, therefore when I pool across 30 days, I got 180 observations in one
half hour sample. And after that I continue with estimation of equation 4.1.
The average R? and Newey-West t-statistics for OFI across time are pre-
sented in Figure 3.1. The goodness of fit is for this particular sample best for
10 second timescale reaching 51.8%. What is interesting is the drop of R? to
23.5% when At = 30s and that it remains constant roughly around 23% after
that. The OFI variable remains statistically significant at a 95% level in 100%
for all different At’s.

Since, the difference of goodness of fit between 10 second timescale and 5
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Figure 3.1: Average R? and Newey-West t-statistics for OFI coefficient
across time for different At for November 15, 2020

second timestamp is 3.15%, I compute the variables AP, ; equation 3.6 and
OF 1}, equation 3.7 for both timescales and estimate model 4.1 for half hour
time intervals To obtain 48 different R? estimates for each timescale. Average
R? for 5 second time scale is 46.59% and for the 10 second timescale is 46.66%.

This leads me to choosing the 10 seconds timescale.

3.6 Model Specification

Real world order books have much complex dynamics than stylized model of
LOB specified by Cont et al. (2014). The arrivals and cancellations of limit
orders take place at all price levels and the depth has non-trivial distribution
across levels as stated in Potters & Bouchaud (2003); Zovko & Farmer (2002).
Additional errors are created by hidden liquidity together with data-reporting
issues as shown by Avellaneda et al. (2011). Motivated by the stylized order
book example, Cont et al. (2014) assumes a simple linear relationship between
price changes and OFI. This relationship holds locally for short time intervals
[tk—1.,tki] € [Ti-1,Ti], where [T;_1,T;] are longer intervals and proposes the
following model.

APy ; = BiOFIy; + €k, (3.9)

where 3; is the price impact coefficient for i-th time interval and € ; is an error
term, that summarizes influences of other factors, for example deeper levels of
order book or hidden liquidity. In the study, Cont et al. (2014) allows /3; and the

distribution of € ; to vary with index 7. This flexibility is included to account
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for the well-known effects of intraday seasonality. I am specifying the model in
the same way, because I want to be able to see or explore intraday seasonality
effects for cryptocurrency market and to be able to compare my results with
the results of the study by Cont et al. (2014). The Stylized Model of Limit
Order Book (LOB) implies the inverse relationship between the price impact
coefficient (3; and market depth D; to be (5; = %Di and also interprets ﬁ as an
implied order book depth. To empirically examine this inverse relationship a

more general model is proposed:

Bi = DCZA + i, (3.10)
where ¢, A are constants and v; is a noise term. The stylized order book model
corresponds to values ¢ = % and A = 1.

Cont et al. (2014) formulate equations 3.9 and 3.10 and interpret them as a
representation of the instantaneous price impact of order book events arriving
within the time interval [tx_i,tx]. Whenever an order is placed or canceled
at time T € [tg_1, k], it contributes a signed quantity e, to supply or demand.
According to Cont et al. (2014) these contributions are likely unbalanced in any
given time interval, but when the contributions from that given time interval are
summed it results in OFI;. The price adjustment is done by market-makers,
who are striking to have order flows balanced so that for each roundabout
trade they make profit of the difference between bid and ask price (bid-ask
spread). Bouchaud et al. (2018) describes a mechanism of price adjustment
as follows; when market-maker receives a significantly higher number of buy
orders compared to sell orders, they have several options to address this order-
flow imbalance. One approach is to raise the ask-price, discouraging potential
buyers from entering the market. Alternatively, they can increase the bid-price
to attract more sellers. In some cases, market-makers might opt to implement
both strategies simultaneously to mitigate the order-flow imbalance. When
an individual order sign aligns with the prevailing order direction in given
time interval (sgn (e;) = sgn (OFIy)), than it reinforces OFI and can affect the
price. However, if the order sign goes against the majority of orders in given
time interval (sgn (e;) = —sgn (OFIy)), then its instantaneous price impact
is mitigated by the majority to zero. In this model all events (limit orders,
cancellations, and market orders) have a linear price impact, on average equal

to B; during the i-th time interval.



Chapter 4

Results

4.1 Estimation, Results and Discussion of Model
3.9

For each of the 457 days I estimate 48 models 3.9, one for each half hour time
interval of the day. I am using an ordinary least squares (OLS) to estimate the

regression:

AP, ; = b; + BiOFIk,i + €k (4.1)

with separate half-hour subsamples indexed by i. Figure 4.1 represents a
scatter plot of AP, against OFI; for subsample 11/1/2021 from 21:00 to
21:30. I chose this time interval because in this half hour subsample there is
the highest number of posted quotes as well as the highest number of non-
null mid-price changes. I am using Newey-West standard errors with 4 lags
to control for heteroscedasticity and autocorrelation in the time series data. I
find that BZ is statistically significant in 99% of samples, and &; is significant in
14% of the samples. The average t-statistics for &;, BZ are 0.09 and 33 billion
(ranging from -1.3 to 731 trillion).

To check for nonlinear dependence I estimate an augmented regression:
APy; = af + 4,0F I ; + A2OF I ;|OF I, ;| + €2,. (4.2)

Cont et al. (2014) got the coefficient 4% statistically significant only in 17% of
samples, whereas I have this coefficient statistically significant in 60% of my
samples, suggesting that in my data there is some nonlinear dependence.

The average goodness of fit of quadratic model is higher at 50.5% compared

to 46%, average of the linear models. Cont et al. (2014) were able to achieve
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Figure 4.1: Scatter plot of AP, against OFI};, January 11, 2021
21:00-21:30 pm.

R? of 76% for Schlumberger (SLB) stock and 65% on average across stocks for
a linear model and use this high goodness of fit as an evidence for the fact,
that the activity at the top of the order book is a primary driver for short-term
price changes. Also, I would like to draw attention to the high volatility of
Bitcoin, where the change of mid price AP ranges from 150 USD to —100 USD
over a 10 second time interval. This is in contrast to Cont et al. (2014), where

for similar graph the price changes range from —4 cents to 4 cents.
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Figure 4.2: Non-linear price impact function of APy ; against OF I},
January 11, 2021 21:00-21:30 pm.

Huberman & Stanzl (2004) define quasi-arbitrage as a trading strategy that
leads to an infinite expected payoff as well as infinite Sharpe ratio. A round-trip
trading strategy refers to a series of trades that starts and ends with the same
position, but includes trades in between that aim to exploit price differences.

They argue that the required condition for a market to be viable is the ab-
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sence of quasi-arbitrage, breaking this condition might indicate potential price
manipulation. They conclude that the absence of quasi-arbitrage is equivalent
to the linearity of the price impact function. This means that the immediate
impact of a trade on the price must increase linearly with the volume of the
trade. Therefore, the nonlinear price impact function, which was empirically
found for the Bitcoin market, implies the feasibility of price manipulation in
the Bitcoin market.

Cong et al. (2022) conclude that unregulated cryptocurrency exchanges are
using wash trading and they estimate that over 70% of reported volume could
originate from this practice. Wash trading, simultaneously buying and sell-
ing the same instruments, is primarily done by cryptocurrency exchanges to
artificially inflate the perceived trading volume. This can attract other mar-
ket participants, who may interpret high trading activity as an indicator for
investing opportunity. The price manipulation can arise when a wash trader
places the buy orders with progressively higher prices, given that the trader is
at the same time on the selling side of these transactions, there is no financial
loss incurred. However, to the external market participants the upward price
trend appears to be genuine and stimulating other additional trading activity
(Cong et al. 2022; Aggarwal & Wu 2006; Cumming et al. 2011). Although most
developed financial markets have strict regulations prohibiting wash trading,
the limited regulatory oversight in Bitcoin exchanges makes them susceptible
to such practices.

Further, Cong et al. (2022) categorize Binance exchange among the more
reputable exchanges based on the top 700 ranking for finance/investment on
SimilarWeb.com and find that Binance exchange behaves closer to the regulated
exchanges which are averse to wash trading. Nevertheless, they establish that

more than 45% of total trading volume potentially comes from wash trading.

4.2 Relationship between the Price Impact Coef-
ficient and Market Depth 3.10

For the estimation of the equation 3.10 I use time series of D; computed for
every half hour according to equation 3.8, and I collect estimated price impact
coefficient BZ from the linear estimation of equation 4.1, resulting in a new

dataset with 21 936 data points. The relationship specified in equation 3.10 is
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estimated in two steps with the following two regressions:

lOgBi = &L,i — S\ZOQDZ + gL,i (43)

(y) = 3.34 + -1.3log(x)
gl (R*=0.74

e
log_depth

Figure 4.3: Log-log scatter plot of the price impact coefficient esti-
mate [; against average market depth D;.

As in Cont et al. (2014) I estimate both regressions using OLS using Newey-
West standard errors with 4 lags to control for heteroscedasticity and autocor-
relation.

I first proceed with the estimation of regression 4.3 to obtain A. The results
of this regression can be seen in Figure 4.3 and are as follows: the coefficient A
equals to 1.3, and the R? of regression is 74% which is by 18% lower compared
to R? that Cont et al. (2014) was able to achieve. Afterward, I make the
transformation of the time series of market depth D%? so that I can use it in
regression 4.4 and obtain the coefficient ¢. The results of this regression can
be seen in Figure 4.4. Even though I confirm that the relationship between
price impact coefficient §; and market depth D; is inverse, I conclude that the

proposed relation [3; = % does not hold in the Bitcoin market. Rather, the

29
D13
1

relationship appears to have a form j; =

To interpret this result I will use the estimated equation 4.3. The \ coeffi-
cient is in the exponent and therefore has a higher impact than the coefficient
¢, which functions only as a multiplying constant in the relationship and can
be neglected for the purpose of simplification. The equation 4.3 implies that

for Bitcoin market the depth affect the price impact coefficient by 30% more



4. Results 24

on average, compared to the financial markets. So for example, when a large
buy order (order for which desired quantity exceeds the supply at ask side) is
placed by a trader, it forces the buyer to purchase at higher price levels to fulfill
the order. The increase in price represents a price impact cost to the trader
as he buy now for less favorable price. The price impact cost is therefore 30%
higher in Bitcoin market. When such trade occurs, it signals that the trader
must have strong believes about the future price movements and he deems such

order profitable despite the higher costs from price impact.
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Figure 4.4: Scatter plot of the price impact coefficient estimate f;
against average market depth D;.

4.3 Intraday Patterns of the Price Impact Coeffi-

cient

In this section, I want to examine whether there exists a clear intraday pattern
for instantaneous price impact using the link between price impact and market
depth established in the previous section. The diurnal patterns were computed
such that I averaged B@ for BTC for each half-hour interval across days to obtain
48 mean values for every half-hour. Then I normalized the diurnal pattern by
grand average BZ I used the same procedure for depths D;. I also re-estimated
equation 4.3 and equation 4.4, with the data pooled across days, so for each
half-hour interval, I got 457 observations of price impact coefficient Bl and
market depth D; which I used to obtain 48 values of /\Al and ¢. These 48 values
were also normalized by their mean and then were also plotted into Figure 4.5.

In more traditional financial markets, the diurnal pattern of market depth
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Figure 4.5: Diurnal patterns of the price impact coefficient Bi, the
average depth D; and the parameters ¢;, A;.

follows a predictable pattern (Ahn et al. 2001; Lee et al. 2015), which, combined
with the equation 3.10 means that instantaneous price impact must also have a
predictable intraday pattern. This interesting observation is indeed supported
by the findings of Cont et al. (2014). However, as it can be seen in Figure 4.5,
in the Bitcoin market, the deviations of every diurnal pattern from the grand
average are not that large (only about 20% in both directions). This suggests
that there is no clear intraday pattern of the price impact coefficient 8;. The
biggest drop in depth is at 21:00 when the value is 20% lower than the average.
This corresponds to the highest increase in the price impact coefficient, which
is 15% higher than average. This is reasonable since, in the shallow market,
the incoming market orders have a pronounced influence on mid-prices.

Dyhrberg et al. (2018) find that trading activity is low during the morning,
corresponding to the opening of European markets. The increase in trading
activity to its peak occurs with the opening of the US markets. Then during
the day, trading activity gradually decreases and drops rapidly with the closing
of the Asian markets. In Figure 4.5, the highest peak of the market impact
coefficient coincides with the closing of the New York Stock Exchange. This
may provide further support to the findings of Dyhrberg et al. (2018) that the
majority of trades on cryptocurrency exchanges come predominantly from the
United States during regular trading hours.

The absence of any clear intraday pattern can be attributed to the different
market designs of the cryptocurrency exchanges. Most notably, they are traded

24 hours, 7 days a week. The continuous trading can lead to more uniform dis-
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tribution of price impact. The second explanation could be that in the Bitcoin
market algorithmic trading is prevalent. Thus, automated trading algorithms
can execute an order at any given moment, which could further smooth the

impact coefficient over the day.



Chapter 5
Conclusion

This thesis presents an analysis of the short-term price fluctuations of Bitcoin,
the leading cryptocurrency, by examining the high-frequency interaction be-
tween demand and supply depicted in the Limit Order Book (LOB). The study
follows established literature and methodology developed by Cont et al. (2014),
and it investigates the shape of the price impact function, the relationship of
price impact coefficient to market depth, and intraday patterns of the price
impact coefficient.

The research reveals that the price impact of order book events in the
Bitcoin market is a non-linear increasing function, contradicting the findings
of Cont et al. (2014) who argued for a linear relationship. The non-linearity of
the function suggests that there may be opportunities for price manipulation
and quasi-arbitrage in the Bitcoin market, leading to risk-free profits. The
study additionally reveals that in the Bitcoin market, the market depth has
about 30% greater influence on the price impact coefficient compared to more
traditional financial markets. This finding suggests that large orders have a
significant impact on the market price and that traders who post these orders
are likely to be highly informed. Interestingly, the study finds no clear intraday
pattern of the price impact coefficient in the Bitcoin market. This could be due
to the unique characteristics of the design of the Bitcoin market, such as the
24/7 operation of the Bitcoin market and the high level of automated trading,.

Overall, the findings of this thesis contribute to the growing body of liter-
ature on price impact in markets, particularly cryptocurrencies, and provide
valuable insights for market participants, notably institutional investors con-
sidering entering the Bitcoin market. The research also highlights the need for

further investigation into the regulatory aspects of the Bitcoin market given
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the potential for price manipulation and the lack of clear intraday patterns.
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