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Introduction

.Portfolios are usually marked to market at the atedof the bid-offer spread,
and many hedge funds used models that incorpotiaitedssumption. In late
August, there was only one realistic value for fodid: the bid price.

Amid such massive sell-offs, only the first selidatains a reasonable price for
its security; the rest lose a fortune by havingdg a liquidity premium

if they want to sell. ...Models should be revisedndude bid-offer

behaviour.”

Nicholas Dunbar (,Meriwether's Meltdown,” Risk, @iter 1998, 32-36)

Liquidity is the essential condition of the nornfahctioning of financial
markets and financial system. Only the appropydtglid financial markets are able
to function effectively, i.e. to transmit the saysnto the users, and to aggregate
market actors’ expectations and available inforamatirhe liquidity of markets, more
precisely the lack of it affects the whole finan@gstem, and indirectly through it the
whole economy, thus inhibiting their normal, opena&l way of functioning. The
financial crisis of 2008 has pointed to the outdiag importance of the liquidity of
the financial system, and at the same time it pdishis question to the limelight. The
revision and/or supplementation of the standardliegqum and no-arbitrage models
which assume the existence of infinite marketitiqy has become a necessity , as
there is an evident need to develop new pricing etsodnd risk management
techniques.

Although the scientific analysis of market liquidias a history of a decade,
only a relatively few generally accepted and widgbyead results can be connected
to this field because of the elusive nature of twacept. Another reason is the fact
that the concept of liquidity and liquidity risk issed in various senses both in
practice and in theoretical studies. Although thesgious interpretations are
connected to each other by a multitude of wayss itonetheless important to single
out at least the most important ones:
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1. in connection with the liquidity of a portfolio dnin a broader sense, that
of a company’s what we examine is whether it i®dbl fulfill its cash-
flow obligation as they become due;

2. concerning the liquidity of a market, i.e. the n®rkiquidity of a
particular financial instrument what we examinavisether we can trade
with the given financial instrument at the spot kedprice in a reasonably
big amount quickly with low transaction costs (guk

3. by the liquidity of the financial system we meae tinee, available cash
and cash equivalents volume present in the finhegsem.

The above interpretations are evidently correlasdce for instance the
liquidity of a portfolio/company is highly detern@d by the liquidity of the assets it
consists of/has at its disposal, which is closelgted to the liquidity of the financial
system. In the same way, it is worth to make tHvong distinctions concerning
liquidity risk as well:

1. cash flow risk;

2. risk of trading on an illiquid market, i.e. the ggiimpact risk;

3. risk of the liquidity circulating in the financiaystem to dry up, i.e. the

system risk.

The first interpretation is important to the politio managers and for
corporate chief financial officers, the second astlie traders active on financial
markets (indirectly issuers and investors), andthimel is important to central banks
and other supervisory institutions safeguardingdtability of the financial system.
This also shows the diversity of the involved maparticipants and of the degree of
involvement itself.

In my dissertation | am especially concerned with market liquiditydan
trading risk from different aspects: both from tretecal and also empirical points of
view. Parallel with my research we have made asai interviews supported by the
Budapest Stock Exchange, during which stock-traders portfolio managers were
asked about the practical ways they manage liquidsk (see Sics and Varadi,
2012). The responses | got from the interviews rdomied to a large extent to the
formation of and refining my research questions drybotheses. During the
interviews a view gradually emerged that dynamidfpbo optimization on illiquid

markets is a remarkably complex problem, which oafe regarded as solved either
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from the practical or from the theoretical aspeot the time being. Market
participants (in the absence of anything else)rgiteto simplify the question, e.g.
some are only willing to trade on liquid marketslesively, while others decide on
the portfolio they intend to create, then they gweers to traders who are specialized
in carrying out the transaction of the requeste@ svithin a given time frame in a
way that they are able to minimize the price impzicthe transaction. Many others
yet attempt to decrease liquidity risk during theldup and/or the liquidation of a
portfolio by setting up simple rules of thumb. Iry miissertation | do not undertake
the task of precisely describing and solving thénogation task, either, instead |
attempt to take the first steps towards it by pnéag the nature of liquidity risk and
the options to manage it.

On illiquid markets trading costs are significantlygher than on liquid
markets, i.e. transactions can only be executed avihotably higher cost and time.
Therefore it is not surprising that market partaifs’ basic requirement is that each
stock’s liquidity should be comparable and the geantion costs quantifiable.
Measuring liquidity is a complex problem in itsetfjs difficult to express all of its
aspects with one single indicator, and it is alsodhto estimate how much cost
illiquidity generates during the trade, since ljty can be interpreted along different
dimensions and thus at any given time one or anathds different attributes can
come to the forefront.

During my research | put strong emphasis on a diiindicator which
guantifies the transaction costs of trading inhigpothetic and considerably extreme
case when the buyer/seller is not willing to waith i.e. they intend to realize the
transaction immediately, without any delay. Thiglér is the so calle@Budapest
Liquidity Measure (BLM), which has been created according to theepatof the
liquidity indicator firstly introduced and constntpublished by Frankfurt Stock
Exchange, the Xetra Liquidity Measure (XLM). Thetatsase has been provided to
me by the Budapest Stock Exchange.

My main goal was to help liquidity as a concept to be incorpestanto the
daily practice of risk management, i.e. to elamrsdlutions which can be easily
intruded into the daily practice, but also propetbveloped from a theoretical point
of view. From the series of interviews it evidentlyned out that a prerequisite for

dynamic portfolio optimization would be to get @at view on how the return, the
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volatility and market liquidity of risky assetsge correlated, i.e. what are the main
attributes of this aggregated stochastic processoringly during my research |
have focused on thremain issues (1) | have examined the cross- and horizontal
sectional statistical attributes of the BLM timerigs; (2) | have shown how the
indicator can be integrated into a VaR-based risihagement system; (3) | have
deducted the correlation between the BLM and theadled price impact function,
which is one of the essential concept of liquidityd is often analyzed in literature.
With the help of this latter | have also empirigadinalyzed how price impact evolved
on the Hungarian stock markets between 2007 and.ZDdis period is especially
interesting because it includes the escalationthadun-down of a major liquidity
crisis.

The three research issues also differ in the reésmdécthe applied
methodology. (1) | make a traditional descriptive statisticahalysis on BLM
database; (2) | build up a theoretical model wtian be used in the field of risk
management; (3) | make a time series analysis ertithe series of the estimated
price impact function.

My dissertation consists of four chapters. In tingt ichapter | shortly sum up
the basic concepts and main contexts, the enshireg tthapters center around the
three research questions and my own results cangeitrem.

In the first chapter | outline the operation of the stock markets arertrain
attributes of quote driven and order driven markigt@ddition, | also give a detailed
description about the statistical characteristitshe order book which is used on
order driven markets based on the results of tihkee@mpirical research. This is
significant because the BLM database is based ®@mrther book, namely it actually
condenses the pieces of information in the ordeokbby way of a special
transformation.

In the second chapterl present the basic concepts concerning market
liquidity, the dimensions along which it can be sw@w&d and the main indicators
which can quantify certain aspects of market ligyid give a detailed description
about the build-up of the BLM indicator and the g@ss of its calculation. | review
the Hungarian research literature made concerniagken liquidity on the Budapest
Stock Exchange. Subsequently | present my own refseasults, i.e. the traditional

statistical analysis of BLM, the analysis of théaten between BLM and other
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liquidity indicators (e.g. bid-ask spread and twer) and the co-movement of BLM
and volatility before and after the crisis. ThelgaBLM time series create an
opportunity to have a thorough knowledge on its peral and cross-sectional
behaviour.

In the third chapter | introduce a possible model with which the BLM
indicator can easily be integrated into VaR (vahterisk) based systems which
support market risk management. Here the underlgeg is that on illiquid markets
a value of an asset is not equal to its last magkete. Namely, the buy/sell
transaction reacts to the price and shifts it thevopposite direction. In this situation
it is reasonable to determine the return in a Wea e take the expected opposite
price impact into consideration. In the second pérthe chapter | give a detailed
description of liquidity adjusted VaR models (LAVaRhich can be found in the
literature,and then about my own theoretical model. | reghisl latter as one of my
most important innovative achievements.

In the fourth chapter | describe one of the central concepts of the topic
market liquidity, the so-called price impact fuletj which shows the relative price-
shift caused by a particular order. The knowledigghe behavioural attributes of the
price impact function has particularly great sigi@hce for market participants, since
with its help they can predict the price impact @aming their orders to be given in
the future, i.e. the expected surplus cost cauged price-shift. In this chapter |
describe the difference between the virtual andetngirical price impact functions,
and | also present a method of estimation of aegrgpact function with the help of
Budapest Liquidity Measure. Based on the methothbarated market participants
can simply and quickly estimate a virtual price auopfunction without knowing the
whole order book in detail. Finally, |1 also conauthe examination of the time
variation and the basic statistical attributes loé tvirtual price impact function
estimated from the BLM database. Based on thistimmd examine whether the time
variation of liquidity is predictable, i.e. whethiéwe process has a memory, and if yes,
then for how long the impact of shocks prevail. tRermore, | also examine the
nature of the trend and the height of the volativhich characterize the price impact
and whether the process of price impact is a psocegressing to the mean. |

summarize these results in the last part of thetehna
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Some studies have been published in the Hungateature in which market
liquidity was analyzed on different markets. Howgvenly a few of these were
concerned specifically with the liquidity of BudapeStock Exchange. | base my
dissertation on the findings of these studies,imbuany respect | extend and exceed
them inasmuch the circle of research questions; tdepths and also the size of the
examined database are concerned.

The main achievements of my dissertation, whichlmmnegarded asy own
contribution to the examined field of finance on Hungarian @mdinternational
levels, are the following:

1. Simple liquidity indicators (bid-ask spread, tureov do not measure the
transaction cost-type aspects of illiquidity appraiely; therefore it can be
misleading to rank different markets according hent, or to base dynamic
portfolio optimization on these indicators. Thisespecially true in case of a crisis
or on illiquid markets.

2. Based on the examination of the relationship betwagiidity and volatility, it
can be stated that the 2007/2008 crisis can alsedsded as a liquidity crisis,
i.e. the increased indirect trading costs cannatlusively be attributed to
increased volatility.

3. | have split the return (net return) into two maparts, namely | quantified the
proportion of the transaction costs due to illigyidliquidity risk) inside the
return, and the proportion of the shift of the mitce (price risk). | incorporated
this net return into a VaR-based risk managemesiesy (LAVaR).

4. In the LAVaR model | have shown that in the casestotk portfolios liquidity
costs can be diversified.

5. | have elaborated a way to estimate the virtuateprmpact function from the
BLM database.

6. | accomplished the time series analysis of themedgd virtual price impact

function.
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|. The order book

1. Trading on stock exchange

Financial markets can be classified and distingedshased on different attributes.
There are a number of market characteristics wimthence market microstructure
and thus have an effect on market price formatind &ansaction costs. A vast
number of studies prove that different market nstmectures have an effect on
features like price-formation, liquidity, the remsrrealized by investorsnd finally

the way these affect the general market efficiefecy.: O’Hara, 1995). Before the
detailed description of the concept of liquidityntend to enumerate the types of
stock trade and the trading methods that markeicgeants are provided with. The
following enumeration gives a broad picture of hthe stock market functions, as
well as of the features of market microstructurel af the differences between

markets.

Characteristics of market microstructure:

1. ParticipantsVarious participants can be present on the maskets institutional
investors (hedge funds, banks, enterprises, edggnts with intermediary role
(brokers), traders, dealers, private individuals, €he number of participants and
their market share, namely the market concentrarenalso important from the
point of view of market microstructure.

2. Primary and secondary marketSecurity issuance happens on primary markets

where it basically takes place via investment bakl®wvever, trading with the
issued securities takes place on secondary markbes: stock exchange.
Furthermore, there also exist a tertiary and atquaary market. On the tertiary
markets participants trade with listed stocks aigtgshe stock exchange (OTC —
over the counter), which is less regulated tharirding on stock exchange. But
these OTC markets have a more regulated form: thi@laweral trading facility
(MTF) which is a new legal category created by tarkets in Financial
Instruments Directive (MIFID). The crucial differem between the stock

exchange and MTF is that while regulated markets @aly be operated by
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organizations having an exclusive operating licensamely they are market
operators, MTF can also be run by authorized imwest enterprises, credit
institutions or even by regulated markets (Gell2809, p. 214). Apart from
MTFs there exists another tertiary market categehich is regulated by MiFID:
the ,dark pools”, whose aim is to enable the bigfitntional investors to make
large ticket transactions via organized tradingtesys without significant
transaction costs (Réz, 2011). On the quarternankeis investors directly trade
with listed securities outside the stock exchangiomt brokers/dealers. This
trading method started to improve by leaps and dsumthe last years as a result
of the spread of the common electronic platform,lleda Electronic
Communication Network (ECN) (Bodie et al. 20059).

. Characteristics of the producthe attributes of the product have an effect on

price-formation, namely there are some products sehqrices evolve

independently, but there are markets where pricesdatermined by prices of

other markets. An example is the market of deneafiroducts, whose prices are
determined by the underlying product. When considethe relationship between

a derivative and the underlying product it is intpat to pay attention to the

following attributes:

a) whether the two products complement or substitatd enother.

b) whether the underlying product is traded or not. iRstance in the case of a
weather derivative the underlying product is nati&d.

c) whether the underlying product can be deliverethi@expiry of the derivative
product. Also in the case of a weather derivatheeunderlying product is not
traded and it also cannot be delivered, whilsiristance in the case of buying
a stock futures/forward the underlying product iaded and it is also
deliverable at the expiry.

d) whether there is a cost of carry during the holddegiod of the underlying
product, as for example a storing cost of commeslitit is also crucial in this
case whether the underlying product is storedlaFat instance, electricity as
an underlying product that can be delivered, baarnot be stored.

. Order typesMarkets can also be characterized by differepesyof orders, e.g.

stop, limit, market, hidden, etc. These orders dlmore exhaustively described

in Subchapter 1.3.
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. Mechanism of price-determinatipifhere are three significant markets from this

respect. The first one is the direct market, wineagket participants trade directly
with each other. The second one is the broker/deabrket where trading is

realized through intermediaries. Finally, the thorte is the auction market where
actors participate in the trade with or withoutldemand brokers.

. Presence of market makef@n quote driven markets a market maker is present

on one side of each transaction. The market maia@rsoe divided into two big
groups: the Designated Market Makers (DMM-s) whe always obligated to
guote a bid and an ask price, and the Supplemeigaidity Providers (SLP-s)
who are obligated to quote only a bid or an askepm order to provide market
liquidity. Another big group of markets are the erddriven markets where
participants directly trade with each other withtht market makers’ presence.
The operation of quote and order driven marketd @ more exhaustively
presented in Subchapters 1.2 and 1.3.

. Information, transparencylarkets also highly differ to the extent they powe/

information for e.g. brokers, clients or any othemarket participants.

Transparency means the quantity and quality ofrmégion available for the

participants. Such information can be for exampée gublication of the different

price levels in the pre-trade phase, the ordereprmr market depth (Madhavan,
2002). Moreover, there are differences in the spéadformation dissemination

e.g. whether real-time or delayed data are providethe market participants. As
far as information is concerned another crucialstjoa is anonymity, since if the
market participant is aware of the broker’s or dealidentity then they are able
to get extra information, which helps them to messily filter out the trading

strategies based on order splitting (Margitai, 2q0%).

. Transaction costsMarkets may vary in respect of transaction costg.:

brokerage feegommissions, etc.

. Level of automatizatian markets also differ in this respect. The two grea

extremes are floor trading and electronic tradiug.instance for electronic trade
is the SuperDot system, which typically supportegpammed trading, block
transactions and orders that consists of more ¢ih@ntransaction. It helps orders

to be executed quickly, 95% of the transactiongeaézed within 1 minute.

10
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10. Other reqgulations, protocols

a) Level of standardizationThe main difference between stock exchanges and

OTC markets lies in their degree of standardizatidhile during a futures
contract on the stock exchange trade can only dleeel with pre-determined
amounts, expiration, etc., on OTC markets trangastiare increasedly
personalized.

b) Centralization Markets can be divided into two main groups: thegn
provide trading with financial instruments in a tahzed or decentralized
way. An example of the decentralized market isftheign exchange markets,
where traders are physically dispersed and theplacemarket makers at the
same time. Centralized trade is the stock exchargesxample the Budapest
Stock Exchange (BSE).

c) Physical deliveryfrom the aspect of trade it is important whettier products

featuring in the transaction have to be delivereds it sufficient to make a
financial settlement. For example in case of arexnéorward contract at
expiry there is no delivery obligation, as the uhdeg product, the index is
not traded on the spot market.

d) Continuity. A vast number of trading systems operate onlyoderally i.e. a
trade can only be executed during definite periofl§ime, while there are
systems in which trades are continuous, i.e. thekehais always open
(Madhavan, 2002). However, in the case of contisuwading markets are
also closed from Friday midnight until Sunday njgcause that this is the
time interval when there is weekend in all time esrof the world. Such
continuous trading is typical for foreign exchangarkets. An example for
periodic system is the Budapest Stock Exchangeevheters are collected in
the order book until the so called ,market cleatitime. According to this,
the trading at BSE can be divided into a continuand an auction phase.
Continuous trading lasts from 9:02 A.M. until 5:60M. preceeded by an
opening and closed by a closing order collectingseh

e) Protocols:Protocols serve as a regulated framework for thding. They
regulate e.g. the minimum amount of trading, th&psasion and the pause of
the trade, the special rules of opening, closingjr@opening, etc. (Madhavan,
2002).

11
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f) Settlement rulesthere are different settlement systems, in sorfé¢hem

settlements are T+3- or T+5-day and they can agsdiffierent if they have a
central settlement house, the so called clearingséowhich holds the
counterparty risk during the transaction. On OTCrkeis transactions are
directly realized between the seller and the bulyere is no clearing house,
thus the partner risk is more significant tharsitluring trading on the stock
exchange.

g) Permission of short sellindviarkets highly differ in respect of short selling

i.e. whether there is a possibility to sell a séguvhich is not physically

owned at the time of the sale.

Table 1 shows how trading systems differ in sontebates in different

markets of the world.

Table 1: Trading systems

Typical NYSE' | NYSE | Paris Chicago | .2

Attributes ECN Open | Intraday | Stock Board Markets BSE
Market | trading | Exchange| of Trade

Continuity X X X X X
Presence of X X X
market maker
Level of_ _ X X X
automatization
Anonymity X X X
Pre-trade
order X X X X X
collection
Post-trade X X X X X X X
reports

Source: Madhavan (2002), p. 34, and my own addition

The literature of market microstructure is morerttughly concerned with the
guestion of how these different market structuréeca prices and the market
operation. The main market processes which can ftiected by market
microstructure:

- Predictability of returns (efficiency, memory);
- Distribution of the returns (expected return, wditgt normal or extreme

distributions);

! New York Stock Exchange
2 Foreign Exchange markets

12
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- Correlation between markets;
- The possibility to manipulate returns, emergence hafbbles, shock
deceleration, stability/instability, systemic risk;

- Liquidity, trading volumes.

A vast number of studies attempt to find the relatibetween market
microstructure attributes and market processeshew.trading volumes and returns
were affected by the ban or the reporting obligatbshort positions (Boehmer et al.,
2010), etc. In this dissertation | examine markgaitity which correlates with the
above characteristics. From this point of view ihechanism of price-determination
(point 5) is especially significant, and that is ywh intend to give a detailed

explanation about it in the following point.

1.1.The mechanism of price-determination

As far as market price-determination is concerried dimplest is the direct
market (prices are random, transparency and litwidre low). Dealer/broker
markets, where one can trade through dealers aoHeis; are slightly more
sophisticated. Dealers and brokers realize theifitgrom the difference of bid and
ask price and they provide liquidity in return. ciion markets are the most complex.
Auction markets can either be unilateral, e.g. wtinenissuer invites all the potential
buyers interested in the product, gathers theiemsrénd quotes prices accordingly
(its mechanism can be manifold). It can also batéibl, when sellers and buyers are
both present and they hand in their orders simetiasly, which are to be matched
according to some algorithiriTherefore, on an auction market liquidity is prad
not primarily by dealers and brokers, instead #ttera directly find each other hence
a significant part of the broker fees can be sa¥edm the point of view of price-

determination the sophistication is shown in FiglLire

% On the operation of auctions see a detailed dqegmmifrom Szatmari, 1996.

13
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Figure 1: Market types from the aspect of price-detrmination

Direct search Broker/dealer .
market market Auction market

Source: proprietary

Intermediaries can be brokers, dealers, speciadists market makers. The
difference between them is that as opposed to idelatekers are not allowed to trade
for their own account. Moreover dealers generablyeh a significant amount of
stock/open positions in the given security or paid&urthermore, the specialist is a
market leader of whom there is only one in eachketatherefore only one specialist
sets the price for all stocks, while market malkaesthose market leaders, of whom
there can be several in the same market.

Broker/dealer markets can either be negotiated asteg. On negotiated
markets orders are not visible, but dealers/brokerd each other according to
different heuristics (e.g. walking on the floor ghoning, etc.), collect some orders
and taking the prices and the partner risk intosweration they pick the most
attractive one and then they conclude the trarmactPosted markets can either
function in a way that the market maker constaptiplishes the order prices in its
own order book. They are obligated to trade witmiaimum amount at this order
price. The other option, which is the way ordewven markets work, is that they
aggregate the constantly incoming buy/sell limiticg@r orders and make this
information available in the so called order boékgure 2 shows the different

variations of broker/dealer markets and their refesthip with auction markets.

14
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Figure 2: The relationship of auction and broker/daler markets

Negotiated market

Posted market <

Broker/dealer

Quote driven
market

markets

Order driven

ANA

Unilateral markets
auction 4
Auction market :
|
Bilateral | _:
auction
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The above listed different price-determination nstbms are not separate,
they can also operate simultaneously, e.g. besadpested option there can be a
possibility of a negotiated deal (e.g. NASDAQor on order driven markets market
makers can work in addition to the order book bygconstantly filling up the order
book with their own bid and ask prices. For exammbethe market of Hungarian
government bonds the issuance is realized on ataral auction market, then the
bonds are traded in a broker/dealer system (secpndarket) parallel with the
primary dealers’ continuous price-quotations (Balagd Koczan, 2008).

This dichotomy can also be observed at the Buddpesk Exchange, i.e. it
has two different auction systems at the openiogfie phase and during the
daytime trading. At the opening and closing phaaading is realized in an auction
system in which the market-clearing price (the @rat which the most transactions
are realized) is the opening and closing price]evthiring the day the auction system
functions continuously in an order-driven way basadhe order book. Therefore the
order driven mechanism can be equivalent to a aansbilateral auctionQCA —
double continuous auctiprfFarmer et al., 2002). In the following part tend to list

the characteristics of the auction-, order drived quote driven markets.

* The NASDAQ (ational Association of Securities Dealers Autordafiotation} is an electronic
stock exchange which has the greates turnoveeimtrld.
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1.2.Quote driven markets

The main attribute of these quote driven markethas the so called market
makers have an intermediary function between bugmedssellers. Their primary duty
is to give a bilateral quotation, thus providingrked liquidity. The market makers
are always obligated to set a price both on the(lbity) and ask (sell) sides. This
means that there is a market maker on one sideasl éransaction. They have to
execute the transaction either from their own stotlsecurities or by matching it
with another transaction. The market makers’ gaalta gain the spread (the
difference between the bid and ask prices), indegethy of the movement of current
market prices. Thus for them it is important to éav high turnover and a lot of
incoming orders so that they can turn over theiclstthus profiting from the spread.

However, market makers have to quote a price whkichhot significantly
influence market price, i.e. they have to give iagon both bid and ask sides which
encompasses the real market price of the givenugtott is important to have about
the same volume of buy and sell orders thereforek@hanakers should only have
their income from spreads, and they should not laaviterest in influencing market
price. Otherwise market makers would accumulatéa@tsor a long position of a
certain financial product and then they would haweinterest in shifting prices in
their own favor. Inspite of this the hold of a nalitposition, i.e. zero stock very
rarely occurs (Parlour and Seppi, 2008).

Quote driven markets are widely spread among fimhntarkets. For instance
NASDAQ or even LSE (London Stock Exchange) functios way.

1.3.Order driven markets

Many stock exchanges around the world functionrdsradriven markets. For
example the Paris Bourse (Paris Stock Exchangepasl Budapest Stock Exchange
belong to this category. My dissertation centemuad order driven markets, as my
empirical analysis is based on the database proagldBSE.

Markets where there is no assigned market makethleu¢ is a constant flow
of bilateral trading and the recording and matchafigorders are executed with the

help of an electronic trading system are calleceodiiven markets (Bouchaud et al.
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2008). As there are no market makers on this maitkean sometimes be extremely
illiquid, where transactions cannot be realized;adose on one side — e.g. on the
buyer side — there are no participants. This gdigenappens in extreme economic
situations, for example during a crisis. In suckesathe maintenance of the proper
functioning of the market is secured by rules anotqeols of the stock exchanges
(Madhavan, 2002).

In order driven markets orders are collected insihealled order book, which
thus contains all buy and sell orders. The bookagsvcontains the price and the
volume for each price level for any given momentl éncan be seen by market

participants (typically the first five or ten row3g)able 2 shows a fictive order book.

Table 2: The order book
Bidsize |Bidprice | Askprice | Asksize
300 8,270 8,275 200
622 8,262 8,276 400
400 8,251 8,280 320
721 8,241 8,290 22
1,200 8,237 8,291 66
Source: proprietary

In the first row sets out the best buy pribalprice) and volume l§idsizg, and
the best sell priceagkpricg and volume gsksizg¢ The second best prices and
volumes are in the next row, etc. The prompt bkl-gwead is the difference of the
bid and ask price of the best order level.

When a new order arrives to the market, e.g. ahier, it gets into the book
in case it is lower than the best ask order, thésmgonsidered to be a limit order. In
case the bid order is equal to or has a highereviddan the best ask order in the book,
the transaction is immediately realized. Such wjperder is called market order (lori
et al. 2003).

On the whole the order book contains only the lionders. These orders,
according to the above, only stay in the order bookl they are matched with a
market order or another limit ord®ar until they are withdrawn.

The main difference between the two order typethas market participants

who give a limit order are willing to wait in ordés have their orders realized at the

® In case it is matched with a limit price ordet tiven order can be regarded as a market ordeg sin
the transaction is immediately realized and theodid not get into the book.
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preferred price; whilst those who give a marketeordre impatient, and find it
important to realize their orders immediately. Thparticipants who give a limit
order provide the supply of market liquidityguidity provider9, whilst those giving
a market order are the demand for liquiditguidity takerg. For liquidity providers
the most interesting thing are the time and thebemof transactions their offers take
to realize, while for liquidity takers the most iompant is to know how much their
transactions are likely to shift the market priBegkstaber, 1999).

Therefore, on the whole on order driven marketsidiy is provided by limit
orders, whilst those who give a market order aeeuers of this liquidity. Therefore
market liquidity depends exclusively on the supgrigl demand for such liquidity.

In addition to limit orders and market orders thare numerous order types at
the market participants’ disposal, which can beardgd as variations of these two
order types. They typically differ from the abovesdribed two orders in their
validity period (e.g. day order, good till cancelc.), or market participants may
incidentally subject the order execution to sonmeeotonditions (i.e.: stop-loss order,
,iceberg order”, etc.§.

The sequence of different orders is called the riiaye on which the order
book is based. Figure 3 demonstrates the way asr babk builds up from different
order types. It shows that as soon as a market ardeges, it is fulfilled on the best
bid or ask level. The priority of the fulfilment the incoming orders is first based on
the price, and then on the time. If the volumehaf market order is bigger than the
available amount at the best price level then tigers at the following order levels
are realized until the total volume of the markeden is executed. Nevertheless, in
reality this means that the total volume of the ketworder submitted by the given
trader will be realized at a worse average pri@ntthe price available at the best
price level, because not only the first, but selvprace levels could be eventually
deleted from the book. On the whole it can be mg@ras a cost of an immediate
purchase due to its higher volume that is curreatigtilable at the best price level.
However, such market order leads to a modificaiimothe bid-ask spread and it also
changes the mid price, which is exactly halfwasen the best bid and ask orders.

® About order types see: Budapest Stock Exchargetsepage:
http://bet.hu/topmenu/befektetok/tozsde_lepesrpedee/azonnali_piacismeretek/hogyan kereskedjun
k_a_tozsden/tozsdei_megbizasmkNew York Stock Exchange’s homepage:
http://www.nyse.com/pdfs/fact sheet nyse orders.pdf
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Figure 3: The order book and the orderflow
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Source: Farmer et al., 2004, p. 3.

Orderflow is actually the resultant of three stathafactors such as:

- Price

- Signed volume

- Time

The limit order price, the intended bid and askuneé and the time of order
arrivals are stochastic. The current order bookvegaccording to the constantly
incoming orders. Therefore, the distribution ofarg@rices and volumes in the order
book reflects the process of all three stochasiitofs. To know the nature of this
distribution is crucial for market participants.

One of the most important questions from the aspecisk management is
the occurrence probability of extreme values. tfédgample the particular stochastic
variables (order book price or volume) follow nofrdtribution, then events beyond
three sigmas (three times bigger than the standiarthtion) practically never occur,

therefore it is not necessary to be particularpared for such events in the frame of

" More detailed on the stochastic processes see &@gdv and Szaz (2010), where one can read about
the relevance and applications of the stochasticgeses on the field of finance (e.g. Homolya and

Benedek, 2007).
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risk management. Figure 4 shows the probabilitysdgrfunction of the normal

distribution and the probability of event occurrereyond three sigmas.

Figure 4: Probability density function of the norma distribution
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As opposed to the above situation if fat-tailedréhstions characterize these
values, the probability of extreme values is rerablk higher, thus we should pay
special attention to such occurrences in the frafiresk managemeritThus it is not
surprising that the analysis of distribution ch&eastics is the central theme of a
multitude of studies. Empirical examinations mostlyow that in the order book
prices and volumes — independently from the exathperiod and market — follow
an exponential distribution, their density functisrshown in Figure 5.

Compared to normal distribution, the exponentiastridbution assigns a
remarkably higher probability to extreme eventsyéfiore there is no practical barrier
for the occurrence of the most extreme cases.lliwe from the above that the
importance of risk management is moves into theffont and it is not sufficient to
prepare for the normal business, but it is alsooitgmt to have a disaster or

contingency-plan.

8 Probability is an important notion of risk managet The connections, differences of the notions of
risk-uncertainty-probablility can be found in dédi at Hitelintézeti Szemle’s special edition inl20
The title is: ,Vélekedés a kockazatrél és bizorgmasbgrol”. The authors of the articles are: Bélyacz
2011; Badics, 2011; D6motor, 2011; Kreko, 2011; &s; 2011; Medvegyev, 2011; Szaz 2011.
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Figure 5: Probability density function of the exporential distribution
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For instance extreme returns are usually charaegriby exponential-like

distributions. In a basic case returns are regatal&ée normally distributed, but it is a
stylized fact that the density function of the engail distribution of returns are more
fat-tailed than it could be justified by the norndatribution, i.e. its drop is less steep
at the tails. Empirical research shows that onsides the drop of the function is
exponential-like, i.e. on the sides return (r) barmodeled according to the following

formula: pqr|>x)=1/X°‘ , Wherea = 3 which is called tailindex (Tulassay, 2009). The

lower the tailindex value is, the more fat-tailée distribution is, but its typical value
is cca. between 2 and 3 (Clauset et al., 2009)thénfollowing Subchapter 2, |
examine the different distributions characterizthg orderflow and the statistical

attributes of the order book.
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2. The statistical attributes of the order book

A vast number of studies have been published abeutatistical attributes of
the financial markets in the recent few decaded, rasearchers found very similar
results whether they examined commodities markdendelbrot, 1963), the foreign
exchange or the stock exchange markets (Fama, 0368, 2001, etc.) in different
parts of the world. Researchers have found simph@nomena in every market, which
they have summed up under the name of stylized.fadtese stylized facts are for
instance:

- volatility clustering,

- the fat-tailed, exponential-like drop of returns,

- the low effect fundamental news have on prices,

- leverage effect (The correlation is negative betwdee price change and
volatility. When prices fall, the leverage increasas well, and generally
volatility is increasing also.),

- autocorrelation of returns,

- stock prices fluctuate more than it could be jiestibby the fundamental$,

- benefit/loss asymmetry (i.e. their fluctuations mo¢ symmetric).

The main goal of these studies was to test theiefity of markets. Their
intention was to build models, or find market phaema which would enable them
to forecast returns. The efficient market hypothesays that market prices ,fully
reflect” all the available information market paitiants have (Fama, 1970, p. 383).
This means, that all information concerning therappate values of securities are
reflected in the prices, so no one can earn unwsuahte profits on a consistent basis
using known information set (Pilbeam, 2010). Acaogdto the efficient market
hypothesis, only new information will change theces, so at the end the daily
returns will be normally distributed and indepengldrecause the arrival of new

information at the market is random (Szaz, 2009).

° For instance Joulin et al. (2008) showed thawtietility after price jumps is too high to be jified
by the change in fundaments.
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Since the returns are in the focus of the efficierdrket hypothesis, the
research have focused on them. These studies hgwawvided any breakthrough
results, they couldn’t verify nor deny the efficienarket hypothesis.

Research have recently begun to focus much mosmalyzing the statistical
attributes of the order book, because the changleeirorder book leads to the price
changing on the markets, thus the given orderdbeargarded as the most basic part
of price-formation. Hence the examination of theesrbook is important both for
market participants and academic professionalsausec it provides information
about trade and price-formation processes.

One part of scientific articles concerned with tilnder book attributes, tend to
approach their subject mostly from a theoreticahpof view. These studies are,
among others, the following articles: Bouchaudle{2002), Bak et al. (1997), Chan
et al. (2001), Luckock (2001), Slanina (2001), [@#niet al. (2002), Challet and
Stinchcombe (2001), Willmann et al. (2003), Mag[2000) and the works of Maslov
and Mills (2001).

The other part of the academic articles have staly analyzed the order
book from various perspectives, of which the mogtortant ones are the following:

- the distribution of the distance of limit order qgas from the actual market
price (Bouchaud and Potters, 2002; Zovko and Far@@02; Bouchaud et

al., 2008),

- the examination of the order book shape: the lonatif its maximum, the
distribution of the volumes on the bid and ask si(lBouchaud and Potters,

2002; Maslov and Mills, 2001; Zovko and Farmer, 20Bouchaud et al.,

2008; Lillo and Farmer, 2004; Mike and Farmer, 2008

- attributes of the order volume (Gopikrishnan et2000; Gabaix et al., 2003;
Maslov and Mills, 2001; Margitai, 2009; Bouchaudadt 2008; Lillo and
Farmer, 2004),

- the distribution of different order types (Lillo @frarmer, 2004),

- persistence of transaction signs (Lillo and Farn2804; Margitai, 2009;

Lillo et al., 2005), and

- the effect of the supply and demand on stock rstiifierou et al., 2002;
Bouchaud et al., 2004; Maslov and Mills, 2001; Gl@mand Subrahmanyam,
2002).
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2.1. Attributes of order prices

Bouchaud and Potters (2002) have analyzed theststati attributes of the
order book via the database of NASDAQ and Parisr&@uAmong others, they have
analyzed the distribution of the prices of the tioriders. They examined the distance
between the current price and the incoming limiteor They called this distance delta
(A). Concerning Paris Bourse they came to the cormmiuiat delta4) follows a
power-law distribution, regardless whether it wabic or an ask order. They have

given the following estimation to the distributibamction:

u

P@)O—20__ )
(1+A)l+p

where the exponent was estimated tquze0.6. This result is similar to Zovko and
Farmer’'s (2002), with the difference that the vabfetheir exponent|() was 1.5.
According to the authors the reason of this diffieeecan be the fact that Zovko and
Farmer examined the London Stock Exchange’s (LSEgldhse, where the examined
database they were provided with did not contairofathe orders, because only a
particular selection of orders get to the elect®ystem used by LSE; whilst in the
case of Paris Bourse the electronic system conédiiing the orders.

Bouchaud and Potters (2002) have also examineddiftebution of the
distance of the prices of the limit orders from thil price in the case of securities
traded on NASDAQ, and they found that the secut#gif under examination had a
high impact on the result8.However, the character of the distribution i.ewho
slowly the density function of the distribution deases on the sides, was very similar
to that of the French stocks. This phenomenon kebgrarticipants give numerous
orders far from the mid price — was explained bwk&o and Farmer (2002),
Bouchaud and Potters, (2002), and Bouchaud eR2@08) with the fact that market
participants think that a big jump in prices is aj@ possible, and this is why they
give orders which are further from the mid pricney do this in order to take
advantage of the eventual big price-shifts.

1 They have examined two investment funds: QQQ @Md, wo indexes: Nasdaq and S&P 500 and
one stock: Microsoft.
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2.2.Shape of the order book

The studies on the statistical attributes of thienbook focused on the shape
of the order book. Researchers have counted thé&uof orders on each price level.
Beforehand we could have expected that the orderftothe biggest around the
current market price, and the further we go themdre fewer. However, we have to
take into consideration that an order close tanlaeket price is more likely to get out
of the book either because it is matched with eketaorder or because it is cancelled.
This is why the shape of the order book is not ewid

In the case of Paris Bourse Bouchaud and Pottéd82f2found that the
function was symmetrit’ therefore its shape was identical on ask and lid. s
Taking an average order book into considerationcese observe that the function
does not reach its maximum at the current besbbiask order, but slightly further
away from it. The researchers have pointed out,ttie@further we are from the mid
price, the fewer order is in the book. In the caBBIASDAQ database it could only
be observed with one traded fund (the QQQ) thatfeimetion does not reach its
maximum at the best order level. In the case obther examined fund, indexes and
Microsoft's shares the function reached its maximainthe best bid and ask order,
and then it gradually decreased. This result igtidal to Maslov and Mills’ results
(2001), who in connection with the data of NASDA@vE! Il also found that the
majority of the orders could be found at the bedeplevel in the book. According to
researchers the difference between the two funétions is again due to the fact that
not all of the traded volumes appear in the da@bas

Zovko and Farmer (2002) and Bouchaud and Potte@92)2 have both
explained the order book shape with the fact timathe best price levels orders did
not stay in the book long enough, because theyetarr be executed or cancelled.
Zovko and Farmer (2002), and Bouchaud et al. (20GB) also shown that the
further the order was from the best price, the ntione it stayed in the book. Namely,
the market participants who make this sort of orde¢he book are willing to wait and
they do not cancel the order, because they wokidtb gain from the price shift. In
contrast, those who give their orders around tret beder level are active market

participants, who regularly hand in orders to tleek (Bouchaud és Potters, 2002).

" They examined the time-averaged size in the fanaif the distance of the mid price.
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The orders of these participants’ are either duiokatched with a market order or in
case it does not take place and market participabserve that the market price
changes in an unfavorable way, they prefer to datheeorder and hand in another
one, because they are less willing to wait.

Examining LSE data Lillo and Farmer (2004) havenfbuhat 32% of the
cancellations were from the best price level, wiiile other 68% were canceled
inside the book. Mike and Farmer (2008) have alkarened the distribution of the
lifetime of cancelled orders. They have found tihatan also be approached with a
power-law distribution.

According to the authors, the cancellation rateictviwas measured by the
reciprocal value of the lifetime, can depend on enfactors, of which | intend to
emphasize two significant ones:

1. the further an order is from the best price levie¢ higher the conditional
probability of the cancellation is,

2. if the number of orders on bid and ask sides agélyiunbalanced, it also
raises the probability of cancellation.

Referring to the order book shape, Maslov and MRB01) provide another
interesting result. They have found that the bikl-ssread was smaller by 10-20%
than the average distance between levels in ther dabbk. Moreover, jumps on the
ask side are by 5-10% bigger than the ones onithsidle. However, they could not
verify whether it was generally true for the ordeok, or only a particular attribute

of the examined day.

2.3. Attributes of order volumes

Numerous researchers have examined the ordersdauagdo the submitted
volumes. Some of them have found that the disiobubf the volumes of the
submitted orders could be described with a powerdsstribution, while others have

found a gamma distributiohfor both the bid and the ask sides.

12 Gamma distribution is a two-parametered (p Ahdontinuous distribution whose density function

-1 -\
|Sf( )_)\po e ™

X—Tp)

, Wherel (p) is the gamma function‘(p):J'tp‘le“dt) (Spiegel et al. 2000).
0
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Power-law distribution was found by, among othe&Bmpikrishnan et al.
(2000), where the authors got the following regait distribution of the submitted

volume (Q) within a certain time intervalt):

1
PQx)=—

At (2)

Concerning one thousand American stocks, the asitiave given the
following estimation for the exponent=1.7 +/- 0.1. Gabaix et al. (2003) have found
the same result when examining the 30 biggest iRaristocks with the difference
that they have given a 1.5 estimation for the eeporf\). Maslov and Mills (2001)
having examined the data of NASDAQ Level Il got tesult 1.4 +/- 0.1 for the
exponent concerning all of the orders, whilst conicey the limit orders only they
estimated the exponent to be 1+/- 0.3.

Margitai (2009) has also examined the distributtbthe order volume on the
Hungarian database: in the case of MOL stocks.akfiswas to find out whether the
Pareto:® or the gamma distributions suits the empiricahbase better. As a result he
found that the distribution of the order volume tenproperly approached by Pareto
distribution, where he estimated the value for ékponent to be 1.25. The gamma
distribution did not fit the empirical data distifion appropriately, which in the
author’s opinion is the consequence of the fadt e tail of the density function of
the empirical distribution is power-law-like, whitae tail of the density function of
the gamma distribution is exponential-like.

Another part of researchers have estimated a gantistdabution for the
distribution of the order volume. Bouchaud et aD(8) belong to these researchers,
who have examined the data of Paris Bourse, amdLdls and Farmer (2004), who
studied the London Stock Exchange data.

A number of researchers have also examined whétleee is persistence in

the database in the case of the submitted voluropik@ishnan et al. (2000), Lillo

13 pareto distribution is a special continuous typever-law distribution. This distribution is often
referred to as ,80/20" rule, because its charattes is that the 20% of possible events occuh ait
80% probability, while 80% of events occur with eolpability of 20%. This distribution suits a
numerous natural and economical phenomena. |.e @ #orld wealth accumulates in the hands of
the 20% of the population, while the remaining 8péssesses only the 20% of this wealth (Spiegel et
al. 2000).
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and Farmer (2004), and Margitai (2009) have alsmdothat there was a significant
persistence in the time-series, i.e. the autoaiogl function of the volumes have
shown that there was a positive autocorrelationvéen the volumes given in each
particular occasion. According to this, the seqeent the given volumes can be
considered as a long memory process.

2.4.The distribution of different orders

Lillo and Farmer (2004) have examined order contosin the case of the
London Stock Exchange. The authors have sortedrthers into the three categories
created by Hopman (2007) which are as follows:

- Market orders: all the orders that are executedediately.

- Spread orders: orders which are placed betweebeastebid and ask prices. In
these cases transactions are not realized, bgptkad is getting narrower.

- Limit orders: orders given inside the book.

Lillo and Farmer (2004) have found that 33% of osde@ere market orders,
32% were spread orders and 35% were limit ordecsoAling to researchers, limit
orders have the smallest price impact, i.e. theyndbshift the market price, the
spread orders have a more significant impact, withiks givers of market order are the
most impatient. Therefore, market orders have tlustnsignificant price impact,
because if an order is not realized at the besepevel, but it also affects the other
rows of the order book, market price will move framformer level.

The result achieved by the authors is interestiecpbse the order, in which
different order types arrive, i.e. the orderflovasha significant effect on the price

formation process.
2.5. Persistence of the transaction signs

Lillo and Farmer (2004) and Margitai (2009) haveestigated whether there
is a persistence in order signs, namely if we kmdwvether it is a buy (positive sign)

or a sell (negative sign) order, can we predict sign of the next order. Both

researchers have found the same results, i.e. thexepersistence considering any
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stock database. It means that similarly to the rordglume, the direction of
transactions is also a long memory process.

Lillo et al. (2005) justified the long memory witiwo reasons. One is that
investors can be characterized with a herd effealthrough it cannot entirely be
empirically tested — the other is that there arenyniastitutional investors on the
market who trade in a way that they split a bigeoy@nd they execute the transaction
one by one in order not to have a big influenceéhenmarket price. These order types
are called hidden orders, as the investors’ airh Wié order splitting is not to reveal
the real size of the transaction they intend tocetee This strategy results in the
“sliding” of prices, thus there is no definite tce(Margitai, 2009).

2.6.Effect of the supply and demand on the returns

The basic idea of efficient market hypothesis it thnly the newly arrived
pieces of information will shift the prices, andushthe price formation process will
be unpredictable. However, Bouchaud et al. (20@tg ghat even though information
has a crucial role, it is nonetheless secondargoAting to them the really important
factor is how the supply and the demand influemieegormation. Bouchaud et al.
(2004) think that the price-shift affected by thggly-demand can be caused by the
response to new information and also by the changhe demand for liquidity.
According to their statement, in both cases thereldc be a situation when the
orderflow becomes predictable. The traders withrthay and sell decisions put a
demand or supply pressure on the market, and vg&athiey influence the price-
formation process. These supply- or demand-sidespres can easily be identified by
the order book, although it is questionable whethes actually possible to predict
the price-shift from this, because it would conicathe efficient market hypothesis.
In this subchapter | describe the research whiehcancerned with the analysis of
this phenomenon.

First of all I would like to highlight Plerou et.& (2002) work. The authors
have examined how a change in demand affects giocks within a giverit time
interval. The demand change was defined in theoviellg way: ® measures the
difference between the numbers of buyer or saliéiatedtransactions within a given

interval, andQ means the difference between the numbers of #dedr stocks
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through a buyer or seller initiated transactionamly, in the first case they
examined the imbalance in the number of transagtwnile in the second case they
observed the imbalance in the volume. Plerou e{28102) determined whether a
trade is buyer or seller initiated in a way thadlifring the transaction price is higher
than the mid price then the transaction is buydrated; if it is smaller, it is seller
initiated; and if it is the mid price, then it isdeterminated?

Researchers have primarily examined the correlatfgrice-change (G) with
variables® andQ, and have found that the shorter the time intenss between the
price-change and the measured tim&bohndQ, the higher the correlation was. For
most of the stocks the correlation was signifidantcca. 15 minutes. Figure 6 shows

the change in correlation in the function of time.

Figure 6: Change in correlation in the function oftime
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Source: Plerou et al. (2002), p. 3.

Then the researchers have examined how the grdwiimnaber imbalanced)
and volume imbalance Q) in a 15-minute interval affected price-change
predictability. The authors have found that thehkigthe imbalance was, the less it
affected the price-change and this relationshiplccdae the most appropriately

described with a concave function-shape, as hasve by Figure 7.

14 17% of trades were indeterminated in their database and Ready (1991) have examined this
phenomenon more thoroughly.
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Figure 7: The effect of imbalance on price-change
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Source: Plerou et al. (2002), p. 3.

Another significant research in this field was anptished by Maslov and
Mills (2001). The authors have got the result that high imbalance concerning the
volume of the orders on the buy and sell sidesrhade the price-change predictable
in a short term, which is the consequence of thedsupply and demand. This was
true for the cases in which imbalance was sigmtiand a notable part of orders
were close to the current mid price (Maslov andigVii2001). The size of imbalance
was defined by 10,000 stocks on the examined dsgalaut they suggested as a rule
of thumb that this size of imbalance should be prpnal to the daily turnover.
During their research they did not consider the letayder book, they only picked
out the orders at the best order level for conatilmn. The examined period were the
few minutes following the occurrence of the imbakanThe authors have found that
the prediction capability lasted only for a few mi@s, in the case of some stocks
only for 30 seconds at maximum.

Maslov and Mills (2001) used another method to @ranthe supply-demand
effect on price-change. The essence of the methddat they have observed the
average price-change in the case of the given gugrhand imbalance levels during
a givenAt time interval. Researchers have found that sugpimand had a significant
effect on price-change in this case as well. Howete lower the stock’s turnover
was, the stronger this effect prevailed.

Finally | intend to present Chordia and Subrahmarigaesearch (2002), who
have examined the relationship between stock retammd order imbalance. The

starting point of their research was a model wieichmined how market makers took
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the sort of imbalance into consideration whichassed by the fact that big investors
do not submit their transactions in one amountthey split them. The authors have
found that there is a positive relationship betwtdenorder book imbalance and the
stock returns. These statements were tested byrieaipidata, and they drew the

conclusion that the imbalance-based trading styategulted in significant returns

(Chordia and Subrahmanyam, 2004, p. 485).

After this it is legitimate to ask the questiontlie order direction and order
volume are a predictable, long memory processeswancan anticipate the returns
from the supply-demand formation in the short tetimen how can this be reconciled
with the commonly observed fact that returns an the price-formation still cannot
finally be predicted and we can characterize thtedg@rocess as random walk? What
is it that still guarantees market efficiency?

The answer to all these questions is market litpidhis ensures that the
market functions efficiently and market prices catnbe predicted. Namely, Farmer
et al. (2006) state that buy and sell side imbaamove together with the liquidity
imbalance of the two sides, thus a certain amoant l[se bought or sold with a
different price impact on the buy and the sell sidehis statement was based on
Bouchaud et al.’s (2004), and Lillo and Farmer902) findings, who have also
come to the same conclusion.

Supply-demand and liquidity imbalance guarantee ketarefficiency
according to the followings: in the case when adougitiated order is executed, then
the prices should go up. But in the case, when wiofte market participants expect
to have a buy order more likely, the available woduon the best ask price level will
be greater then the buy market order, which wilutea smaller price change — if
there is a change at all — than is expected. In simultaneously with the expected
price-shift, a liquidity imbalance evolves, and fréce impact of a buy order soon
ceases with the liquidity increase, thus assuringrket efficiency and the
unpredictability of the directions of the pricefstfFarmer et al. 2006). Therefore the
relative size of the orders on bid and ask side thedrelative liquidity of the two
sides moves in the opposite direction ttia® imbalance in the order sign (Lillo and
Farmer, 2004). Among others, this is why liquiditgs a crucial role in market
functioning. The concept of market liquidity willebdescribed in the following

chapter.
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Il. The Budapest Liquidity Measure

1. Basic concepts of market liquidity

The concept of liquidity does not have a uniforniirdgon. The different
definitions are collected by Michaletzky (2010).Wwhyer, in the present dissertation
| am concerned with the market liquidity of finamicassets, accordingly | am going
to use the liquidity concept spread on the findnoiarkets, which is a definition also

accepted by the Bank for International Settlemsimse 1999.

BIS (1999, p. 13): “Liquid markets are defined aarkets where participants

can rapidly execute large-volume transactions Witle impact on prices.”

Thus in the sense of this definition the largertbkime which can be sold or
bought and the smaller price shift and the shdtterinterval, the more liquid the
particular market is. It depends on each markeigyaant’s utility function to what
extent they take these three different factorsnetiprice impact as transaction cost,
volume — into consideration. For instance, in thsecof a given volume there are
market participants who rather find it importantttithe transaction is quickly
realized, while for other participants it is moneportant to have the most favourable
average price possible, and they are willing totwadre in order to minimize the
transaction costs.

Therefore, market liquidity determines how easihd acheaply a particular
investment instrument can be traded with. For tba&son, the concept of liquidity is
very important for all market participants, esplgidrom the investors’ point of
view. Namely, if the liquidation of a position islg possible with high costs in the
future, then the market will built this fact intbet current price. Thus the risk caused
by low liquidity will appear in the expected retsarnunder normal market
circumstances (Cséavas — Erhart, 2005).

Amihud and Mandelsen (1991), and Fleming (2003)ehakiown that the
volatility of expected returns will be higher besauof the low liquidity, therefore
considering two assets which have entirely ideht@tibutes, invertors will expect
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an extra return (premium) from the one with thedohquidity. Besides, Amihud and
Mandelsen (1986), Amihud (2002), and Pastor ananBaaigh (2003) have also
found, that if they filter all risk factors durirtbe estimation of the expected return of
a certain asset, then the asset with a lower lityudhs a higher return.

The loss due to the lack of liquidity cannot onby $ensed in the price, but it
can have a time-value loss as well, namely thatttaesaction is not executed
immediately, and therefore the time value of moisdie reason behind the reduction
in the value of a financial asset (Major, 2008).

According to the BIS report in 1999, researchengehdentified three main
stylized facts concerning the dynamics charactegimnarket liquidity. These stylized
facts are the following:

1. Concentration of market liquidityin the case of substitutable assets liquidity

often concentrates in one or only in a few assBtss can be observed on the
market of government bonds or even on the markdvriard contracts where
the most liquid asset is generally the one thairegphe soonest (BIS, 1999).

2. Evaporation of market liquidityMuranaga and Shimizu (BIS, 1999) examined

with help of simulation how liquidity affects pria#iscovery during the crisis.
During the simulation they got the result that mftanarket shock the evaporation
of liquidity guaranteed for the market that prisesuld not fall any further and
would not drop below a value which is justified the fundamentals.

Through simulation the authors have also examihedtonditions under which a
secondary price-fall also occurs during a shockhenmarket. They got the result
that if after a shock market actors upgraded thiews on the market value of an
asset, then the secondary price-fall would not ncklewever, in case that the
expected future market price is low, a secondamclstoccurs and entails a
further price-fall, which is not justified by thé@&nge in fundamentals.

3. Flight to liquidity: a fact can be observed on the market, that icdkse of shocks

and crises, the investors invest their wealth amsets that can be considered as
liquid. During crises investors are willing to paypremium in order to possess a
liquid asset. However, it does not mean that ducmsges liquidity would rise on
the market of these products (BIS, 1999).
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1.1.Dimensions of liquidity

Market liquidity is important for numerous markett@s. Hence it is
indispensable to measure it appropriately. Howetrer,market liquidity concept is
too complex to be possible to capture it with aglgnindicator. A vast number of
indicators are at the market actors’ disposal, tviends to highlight different aspects
of liquidity. Before the thorough analysis of ligity and the presentation of its
possible indicators, it is worth to define the was dimensions of liquidity along
which it can be measured. It is important, becaezh indicator can only measure
liquidity in certain dimensions. In the literatuesn enumeration distinguishes the
following dimensions (BIS, 1999) which are comptetey Kutas and Végh (2005)
with the dimension of diversity:

- Static dimensions:
o tightness,
o depth,
* breadth,
- Dynamic dimensions:
o resiliency,
o0 immediacy.

- Diversity.

Static dimensions and resiliency dimensions arketinto Kyle (1985) who
first used these concepts and defined liquiditynglaahese dimensions. The
enumeration was completed with the dimension of éuiacy by Harris (1990) and
with diversity by Kutas and Végh (2005).

There are some indicators which quantify one dinoenghese are called one-
dimensional indicators. Besides, there are indisatchich measure liquidity along
more than one dimension (von Wyss, 2004). Howetare is no single indicator
which would incorporate all dimensions.

During the quantification of liquidity the problemaccurs that different
measurement methods and indicators do not giveaire results, as each dimension
highlights different aspects of liquidity (Csavamigrhart, 2005).
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1.1.1.Static dimensions

Indicators of the static dimensions of liquiditynche divided into two main
groups:. one measures tightness, the other meamadset depths. Dimension of
tightness means the transaction costs of the gadimamely the lowest cost of
matching supply and demand. This is generally dii@atby the bid-ask spread
(Kyle, 1985), which can be determined as the difiee of the best buy and sell
prices.

Depth of the market means the amount of ordershenbtd and ask sides
above and below the market price. In a narroweseseepth shows the extent of the
order that has the highest volume which can bewgdavithout a price shift in case
of selling or buying (BIS, 1999). Depth is generapproached by market turnover.

The concept of market breadth is closely linkedni@rket depths, which can
also be regarded as a dimension of liquidity. Csar& Erhart (2005) determine the
concept of breath by modifying Sarr and Lybec’sO@20definition. Breadth is the
wider interpretation of depth, i.e. whereas in¢hee of depth the amount available at
the best price was taken into consideration, incige of breadth we also count the
amounts belonging to other market orders. The bineadlicator is generally the
price-sensitivity which can be counted as the sieps of the line determined by
aggregated orders and the price as it is shownguar& 8. The gentler the slope of
this line is, the broader the market is. It hasaeobirable effect on liquidity if the
volumes belonging to the same prices grow andeifdifferences between each order
price levels are as low as it is possible. Besioe#)e case of breadth dimension it is
also important that as many investors as it is ipessshould appear on the market
with their order, because this also has a favoaraffiect on liquidity (von Wyss,
2004).

The recently mentioned three dimensions can betifieanaccording to the
data in the order book. Therefore, as long as obdek data are available on a
market, tightness, depth and breadth can easitietesmined, as it is shown in Figure
8.
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Figure 8: Quantification of static dimensions accading to the order book
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Source: Ranaldo (2001), p. 312.

These three dimensions are called static dimensb@tause they characterize
the order book at a given moment. Market liquidgtyapproached by tightness from
the aspect of price, whereas it is measured byhdapd breadth from the aspect of
volume. However, liquidity is influenced by the dge of the order book with the
passage of time, thus it is necessary to examedity from dynamic aspects as

well.

1.1.2.Dynamic dimensions

Dynamic dimension has two types: resiliency and ediacy. Resiliency
refers to the speed with which price-fluctuatiomgioated from trades flatten, i.e. it
gives information on how quickly the price returimsan equilibrium level after a
shock (Borio, 2000). This equilibrium price canheit be a value determined by
fundamentals, or even by a state when buy ance##rs were balanced in the order
book. In this case liquidity can be measured whig time the bid-ask spread returns

to its original value. Besides, liquidity can als® assessed by price impact indicators
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which quantify how a transaction of a given sizargfes the price. These indicators
are related to the concept of resiliency in theeasphat they can quantify to what

extent the trading of different financial assetssas price change. As long as it is low
in the case of a certain asset, then it is prob#dae its resiliency is higher, i.e. its

price returns to the equilibrium price quicker.

The dimension of immediacy refers to the time dynwhich a certain size
portfolio can be sold or bought in a determinedgange, i.e. it contains the cost
connected to the delayed execution of orders (Blat890). It can be measured with
the number of transaction realized within a givaterval, with the frequency of

transactions or even with the number of new or(les Wyss, 2004).

1.1.3.Diversity

Apart from static and dynamic dimensions, anothes exists: the diversity,
which shows the market investors’ homogenity adogrdto motivation, size,
information and home country or foreign residentiie more heterogeneous the
composition of the investors is, the more stable tharket is in tough market
situations. Diversity can be measured with conegioin analysis (Kutas and Végh,
2005).

The calculation of concentration serves not only foeasuring market
participants’ homogeneity, but it also can be usetheasure the concentration level
of market participants doing business with a ginesrket maker. However, in this
case we measure market depth with concentratien, the lower this sort of
concentration is, the bigger the liquidity is, besa the share of large market
participants decreases, and therefore the chaatény shift the market price with a
bigger transaction size decreases as well.

Besides, concentration can serve as the measuremhantrket tightness,
since the smaller the concentration, the more thenve is distributed among market
makers, thus during quotations, market makers ead similar pieces of information
from the turnover data, an d as a result quotati@flect a more accurate value
(Cséavas and Erhart, 2005).
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1.2.Indicators of liquidity

After visiting the dimensions of liquidity | preseits indicators according to
Csavas and Erhart’s (2005) classification. Von W@§$4) provides a more detailed
categorization for these indicators. | dedicatepasate subchapter (Subchapter 1.3)
to the liquidity measure indicator, since this oator group is the basis of my
empirical analysis. The liquidity indicators candaegorized as follows (Csavas and
Erhart, 2005, p. 69):

1. Indicators of transaction costs:

a. Bid-ask spreadspread = P P8¢  where B/ P®is the best ask/bid

price.

Ask _ PtBId

b. Relative spreadrSpreaqd =+ !
p d PtASk +PtBId /2

Analysts generally calculate bid-ask spread asd #ie relative spread with
an actual and an indicative method. The differdreteveen them is that actual
spread is counted based on the prices at whicharssdction is actually
realized, whereas the indicative spread is caledlaccording to market
makers’ orders which do not classify as transaabiaters. However, the time
series of the two different types of spread caleutamove tightly together,
thus both time series are used for the investigasidiquidity (Chordia et al.,
2001).

2. Indicators of volumes:

a. Frequency of transactions, =$, which gives the number of transactions

(N) during a giverT interval.

b. Order volume Q, :w, wheregask andgsig mean the average buy and

sell volume in the order book within a givemterval.

N o
c. Turnover Vv, ZZp'tq't, wherep denotes the priceg the volume of theath
i=1

trade at time.

o Y%
d. Average transaction sizévgTrSize, :N—t.
t
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3.

Indicators of prices:

|ap|

a. Price impact indicator .y, =——
TrSize,

, Where|ap,| is the price change caused

by thetth transaction (alternatively the price changeimet periodt), and

TrSize, is the size of théh transaction (the overall transaction size iretim

. . . ASprea .
b. Price impact indicator Ii.85, =M, where|Aspreaq| is the change of
AvgTrSize,

the spread of théh transaction (period), anavgTrSize, is the average size of

the transactions in théh period.

|aASpreaq|

, where SpreadConifme,
SpreadConime;

c. Spread resiliency indicatore, =

shows the convergence time of the spread. In otlweds, if a transaction
widens the spread, this is the time needed fospinead to return to the pre-

transaction level.

4. Concentration:

Concentration cannot measure liquidity as direesythe bid-ask spread or the
turnover can, but indirectly it is a good indicatwrmarket liquidity. Berlinger,
Michaletzky and Szenes (2011) examined the uneodibzed interbank HUF
market, and found that concentration was closdbted to market liquidity and
economic cycles. Also Csavéas and Erhart (2005)aexgdl the size of the bid-ask
spread with concentration, volatility and turnovera regression model. The
authors have found that concentration had a saamfi explanatory power
concerning the bid-ask spread.

Statistics provide a wide range of methods foe theasurement of
concentration. In the case of market liquidity therfindahl-Hirschman index is
used most frequently , which is calculated by Hidl = izf formula, whereZ

i=1
shows a particular market participant’s relativerkeshare andll is the number
of market participants. The value of this index e®Wbetween the limits df/N
andl. In case of lack of concentration, i.e. if all timarket actors have the same

share of the total value, thddHI = 1/N. If all the elements of a statistical
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population can be found at a certain sub-unit o #tatistical population, then
HHI =1 (Hunyadi and Vita, 2003).
The above enumerated liquidity indicators — asvehaentioned before — are
not suitable to examine liquidity in all dimensiof®@ble 3 shows which dimensions
of liquidity can be measured by the recently presgmdicators.

Table 3: Categorization of liquidity indicators
Liquidity dimension Liquidity indexes
Transaction-based indexes
Tightness Concentration of market maker’s clientele
Liquidity measures
Amounts belonging to the best prices
Average transaction size
Depth Turnover
Concentration of market maker’s clientele
Liquidity measures
Supply-demand price sensitivity

Breadth ———
Liquidity measures
Resiliency Price impact indicators
. Frequency of transactions
Immediacy Turnover
Diversity Concentration of market participants

Source: Csavas és Erhart, p. 19, and my own additio

According to Table 3 it can be stated that ther l@ardly any indicators
which could measure liquidity along more than omaeshsion, which is however an
indispensable condition for getting an exact vidwmarket liquidity. DOmMotér and
Marossy (2010) have accomplished a more detailedysis and a categorization
along several dimensions than Table 3 by usingivauiible statistical tools. In the
following chapter | present a liquidity indicatevhich can measure liquidity along all
the static dimensions and thus can give a more =epiew of market liquidity.

1.3. Liquidity indicators based on the Xetra Liquidity M easure
The Xetra Liquidity Measure (XLM) has been creabgdthe Deutsche Borse

Group in 2002. Based on XLM a few other countriesseh developed similar

indicators. One of them was in Hungary at the Bedastock Exchange, the other

15| will explain this notion in the subchapter 1.3.
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one in Slovenia, at the Ljubljana Borza. The namehe indicator in Hungary
became Budapest Liquidity Measure (BLM), while ilov@nia it was named CGT.
The only difference between the three indicatod. M, BLM, CGT - that they are
calculated for those securities which are traddtiérespecive country.

The liquidity measure was created by the DeutscbhezdBto provide the
market with a simple index which assists marketiggants in making investment
decisions by showing how liquid the individual setyuand the entire market are at
the moment. The liquidity measure quantifies tlaas$action cost of a certain trade in
order to help market participants in their investingecision. Liquidity is calculated
as the sum of the adverse price movement (APM)giated in the transactions of
the investors — and the liquidity premium (LP) te jpaid for the transaction. The
adverse price movement occurs if the total volufiia® order cannot be fulfilled on
the best price level i.e. on other levels are needewell. Then the average price of
the total order will be worse than the best posstrice, while the liquidity premium
is the half of the bid-ask spread. These two fac{&PM and LP) together are also
referred to as the implicit cost or indirect costtrading (Gomber and Schweikert,
2002). The size of this cost depends on the custté of the order book. Trading
also incurs explicit or direct costs, e.g. brokerdges and commissions, stock
exchange fees, taxes, etc. (Kutas and Végh, 2008ke costs are not included in the
BLM as these can easily be identified and quawtjfend the aim of the BLM is to
measure the implicit costs not measured earlierileMtalculating the liquidity
measure we cannot take the opportunity cost intmwatt and the costs of timing,
either. In sum the total cost of a transactionustlup as follows, based on Gomber
and Schweikert (2002):

- Implicit costs

0 Market impact costs

= Liquidity premium

= Adverse price movement
o Costs of timing
o Opportunity costs

- Explicit costs
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According to this liquidity measure is one of tlanisaction based liquidity
indicators, but it can interpret liquidity more by than the bid-ask spread, since it
can measure liquidity not only in the dimensiortightness, but in respect of depth
and breadth as well.

The XLM liquidity indicator measures that the per@ge of the total order
size being paid as a transaction cost. The indicao be interpreted only at certain
order sizes, as it is shown in Figure 9. The figsmews how the liquidity measure
guantifies the transaction costs. The grey areavshbe total implicit costs. If it is
divided by the total order size, then we get thiatimee cost, the Xetra Liquidity

Measure.
Figure 9: Calculation of the implicit cost
Price
1 = absolute liquidity cost = XLM(q) = g
B |
) |
S S
b
N X j )
- — d ~ q Order size
Quote depth Size of next-best in€
Size of best limit orders bid limit order

Source: Stange and Kaserer, (2009b), p. 6.
Figure 9 shows the calculation of the Xetra Latityi Measure, which is used

also by the Budapest Stock Exchange to calculaeBtidapest Liquidity Measure.

Figure 10 shows also the calculation of the liqyidneasures from another approach.
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Figure10: The calculation of XLM

Xetra Order Book
Bid Spread Ask
® @ © B
<l , =l

i L ] L

_ Sell Order . Buy Order
|

APM | P | 1P APM
VENCCRNEE Tl Market Impact Buy
@ !
Round-Trip Market Impact
Xetra Liquidity Measure

Source: Gomber and Schweikert (2002), p. 3.

The calculation of the indicator in detail is aldars:

The calculation of the bid-ask sprea@pfead and the liquidity premiumLpP) is
based on the following formulae:

Spread= Pask1 ':’bidl , 3)
mi
_ Spread
LP= > 4)

where Big1 = the price level of the best bid ordergP= the price level of the best

_ (Poiaz * Paska)

> .

The adverse price moveme#RM) should be calculated for both the bid and
the ask side of the order book, since the two saes differ substantially from a

ask orders, andR is the mid price, wher&nq

liquidity perspective. The way the APM is measured:

AP M_ as k= (owavgfask_ Paskl) (5)

mid

APM_mdzgﬁﬁlﬂg@gﬁ o

mid
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The software calculating the BLM uses the followiiogmula for Ry avg ask
the weighted average ask prida Equation 5. The weighted average bid price is
similarly determined. For the sake of simplicityt l&s assume that the order is

fulfilled at the three best price levels:

P _ Poa[Sizel+ P, ,[Size2+ Pask3[ﬂtransactio size—sizel- sizeZ)
K= —
w_avg_as transactio size

(7)

where Rsk1 is the price level of the first best ask ordegHs the price level of the
second best ask orderssRis the price level of the third best ask ordeze§i size2
are the quantities transacted at the given prigelde In case the market is not deep
enough, and — let's assume — that there isn’t adgroon the third price level — or if
there are orders, but not enough to be able tall fthie whole order — then the
software calculates BLM as if the order book inelddnfinite orders at the last
available price level. This distorts the value @M since it shows a higher liquidity
on the market than in reality.

The value of the liquidity measure is the sum & liguidity premium and

both sides’ adverse price movement:

Liquidity Measure = 2LP + APM_bid + APM_ask (8)

Based on Equation 8, BLM gives the total impliaiist of turning around a
position in basis points (Kutas and Végh, 2005).

For example, if we calculate BLM for an order sofeEUR 500,000, and the
result is 60 bps, then since the order is notlfetfiat the mid price, the implicit cost
of turning around a position of EUR 500,000 is EBR00 (500,000 x 0,006 =
3,000).

The calculation of all three liquidity measures’L({, BLM, CGT) is the
same, then the one | have shown above. The differ&nthat the three liquidity
measures are calculated for different order simesach stock exchange.

Deutsche Borse Group provides the market the XLMcator for standard
order sizes. The order sizes at which the XLM Isudated differ from stock to stock.
It depends on the turnover of a certain stock (Gamand Schweikert, 2002). The
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XLM is calculated for the following order sizes @ach case: EUR 10 thousand, 25
thousand, 50 thousand. In case of stocks with &ehigurnover, the measure is
calculated also for the following order sizes: EUR thousand, 100 thousand, 150
thousand, 250 thousand. In a few cases calcultdiaes place also for much greater
sizes, like: EUR 500 thousand, 750 thousand, 1tB06Gsand, 2,000 thousand, 4,000
thousand, 5,000 thousand.

The CGT is the liquidity measure of the LjubljanarBa (LJSE). The liquidity
measure on this stock exchange is published twadayaat 11:00 AM and 12:55 PM
for only one order size, to EUR 7,500. The valuetlod published CGT is the
arithmetic average of the CGT values of that certiay (LJSE, 2011).

The BLM database determines the BLM values forfiedint order sizes —
therefore | have 5 different BLM figures for eadttloe shares listed on the BSE — i.e.
for transactions worth EUR 20 thousand (BLM1), 4tbusand (BLMZ2), 100
thousand (BLM3), 200 thousand (BLM4), and 500 tlaous(BLM5).

In case of OTP, the average BLM values of the Gwder sizes between 1st
January, 2007 and 16th July, 2010 are shown inr€i@d. It can be seen, that the
bigger transaction an investor wants to executehtgher the BLM value is.

Figure 11: Average BLM values for OTP

Average value of the BLM in case of the OTP
1st January 2007 — 16th July 2010

80.00 74.27

()
€ 60.00 -
e 42.03
0
£ 40.00 29.68
O
2‘ 17.34 20.93
< 20.00 |
m
0.00 I I I
€20 000 €40 000 €100 000 €200 000 €500 000
Order size

Source: own figure, published in Gyarmati et all@4), p. 502.
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The previously introduced XLM cannot measure ligyidlong the dynamic
dimensions (resiliency, immediacy), only along tétatic dimensions (tightness,
depth, breadth). Since the calculation of the measubased on the actual state of the
order book, so its calculation can be carried only dor the given moment.
Nevertheless the XLM-type liquidity measures givenare precise picture of the

liquidity, since it can measure it along more diiens.
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2. Empirical research: analysis of Budapest Liquidity

Measure

The goal of the chapter is to give a detailed dpson about the database of
BLM and its relation to other liquidity indicatons the case of the 13 stocks of which
BUX consisted as of April 1, 2009. Apart from thisalso examine the relationship
between volatility and liquidity during the crisis well as both before and after it. |
do this in order to receive a more complete vievthefindicator before | present the
two possible application opportunities on which digsertation is based. Namely,
how to build a VaR model adjusted with liquiditgkiand how to estimate a price
impact function with the aid of BLM.

However, before describing the database whichasbtsis of my analysis, |
present my main research questions, the appliechadelogy, and shortly the
Hungarian literature which preceded my examinatiand which also analyzed the
liquidity of stocks in Budapest Stock Exchange.

2.1.Research on the Budapest Stock Exchange for the terbeing

On Budapest Stock Exchange Kutas and Végh (20@G5)yaB2008), Margitai
(2009), and Michaletzky (2010) have made signifiamsearch® The starting point
of my dissertation was Kutas and Végh's (2005) asdge these authors having
created the BLM following the pattern of XLM in 200The authors have presented
the build-up and the calculation method of BLM. thermore, they have
accomplished an international comparison in thes aasstocks which were listed
both on the BSE and on foreign stock exchanges#ishey came to the conclusion
as a result of their research that on Budapesk$igchange the BLM, i.e. the size of
the implicit cost is remarkably lower in a caseaoparticular stock than on other
exchanges where the stock was simultaneously I{gteths and Végh, 2005).

In his research, Barra (2008) has examined the mdigsaof the liquidity

indicators based owolume weighted transaction duraticend capital weighted

16 Apart from these studies numerous Hungarian patitins are available, which were concerned with
stock exchange database analysis (e.g.: Fazakadumddz, 2009; Moricz, 2005), but | have only
highlighted the ones that analysed the liquidityBSE.
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transaction durationaccording to the trades and quotes (TAQ) datab&sdQL
within the framework of an ACD modehitoregressive conditional duratioh) By
duration he meant the expected time period durihiclva particular quantity or
value of stocks can be bought/sold. In his theBera (2008) has presented the
functioning of ACD models and the way we can prediaration-based liquidity
indicators with the help of it, and how to creastimation for the future liquidity
through it. One of the author’s most important iing$ is that the Log-GGACD (1,1)
model fits the data best; although it fit the exaead data well, but there were periods
regarding the examination of the out of sample aatan the model did not work
properly. The author has explained this with thet that presumably there was a
structural break in the database.
Margitai (2009) has also made a research relyinyloh. TAQ database. His

most important research questions were the follgwin

1. What are the underlying reasons behind the stylfaets which characterize
the orderflow?
What is the relationship between liquidity and nearfficiency?
Why is the price impact function concave?

What are the factors that influence the size ofiread?

a bk~ 0N

What influences the formation of gaps between theegevels in the order
book?

One of the many answers he came up with is the tha, the sign of
transactions is a long memory process (see Sulmhd@t5 of my dissertation).
Furthermore, the author has also shown that therlistthe prediction concerning the
direction and the size of an order, the lower pigpact the order would have, which
can be due to the compensatory role of liquiditsitsgy.

During his research, Margitai (2009) has also esth an empirical price
impact function based on the MOL TAQ database {seeSubchapter 1V/1.4 of my
dissertation). He has concluded that the more aimn he aggregated, the more
concave shape the price impact function would héwbkich is similar to the
experience in international researches).

Michaletzky (2010) has accomplished a time-seriesl @&ross-sectional

analysis of different liquidity indicators on theAQ database of the four biggest

Y For more details about ACD models see Engle arss&tl) 1998.
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stocks traded on Budapest Stock Exchange (OTP, M@agyar Telekom and
Richter). Furthermore, he attempted to predict riutiquidity with the help of the
Hurst-exponent, which he did by analyzing the iathcs: turnover and bid-ask
spread predictions.

On one hand, one of Michaletzky's (2010) most ingair findings is that the
intervals between transactiondu(ationg are predictable, however, in turbulent
periods this effect is less significant. The authas also pointed out that in the case
of each stock there was no big difference concgrriime predictability of the
duration, whilst the forecast of bid-ask spread waissignificant in the case of none
of the stocks. The author’s other important acheset was that there was a strong
positive relation between the relative spread dedturnover (measured in pieces),
the extent of correlation was 0.82, which — acaaydb his statement — indicates that
liquidity improvement in one dimension is often acgpanied with its deterioration
concerning another dimension. Thirdly, his furthteresting finding is that there is a
strong positive relation (correlation is 0.82) beén the percentile true rangeRj
and relative spread, which indicates that the uan#y appearing in the high price
fluctuation increases the spread.

Finally, | intend to present Csavas and Erhart'808&) research, which
however is not based on the stocks of Budapesk$&change, but on the data of
Hungarian foreign exchange- and government bondet&r Regardless | consider
this to be worthwhile to review, because they halge examined the relationship of
liquidity and price fluctuation as Michaletzky (2D)1did.

During the examination, the researchers have pdeckdrom the same
observation that Michaletzky (2010) made, i.e. ¢hex a strong positive relation
between bid-ask spread and turnover. Csavas arattE#005) have explained this
phenomenon with volatility. According to their satent, as a consequence of
increasing volatility market makers raise the sg@reaorder to price their increased
risk, while the augmented volatility entails tureowgrowth, especially in turbulent
periods. According to their opinion, if the spregmdwth is caused by the increasing
volatility, it does not necessarily imply the desse of liquidity. In order to make
conclusions, we should know the reason of volgtiicrease (Grossman and Miller,
1988). Namely, the rise of volatility can be thensequence of the fact that the

expectations concerning fundamentals change fasterperhaps new pieces of
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information arrive at the market more quickly. hnstcase volatility is not harmful for
liquidity, but it implies that the market fulfilgs main function: the displaying of
expectations in market prices (Csavas and Erh@®5,2p. 24).

However, the authors have not found a model inliteeature which could
appropriately analyze the relationship betweentiitlaand liquidity. For this reason
they have applied the spread model which was dsdbasis of previous research
(e.g.: Galati, 2000; Wei, 1994; Huang and Masul899, etc.). The model analyzed
by them was the following linear regression, whikby have completed with other
factors in different phases of their reseafth:

Spread =0 + B; - volatility +, - turnover 483 - concentration ¢ 9)

Taking this linear regression for basis, Csavasknart (2005) analyzed the
factors influencing the spread, during which threast important findings concerning
volatility and spread were the followings:

- One of the strongest impacts on forint market Iski-apread was exerted by
volatility.

— The coefficient of the chosen volatility indicatdis positive. The 1 percentage
point increase of the intraday fluctuation of viigt causes a 2 basispoints
increase in bid ask-spread other conditions bejuzgle

- According to the results they could not clearlyideavhether the spread-increase
caused by volatility implies the deterioration oénket liquidity. In their opinion
it depends on the reason causing volatility inazeas

- The decrease of volatility significantly lessens #pread, which is favorable for
the investors because of the lower trading cogtd, far the market makers
because of the lower risk.

- They have divided volatility into two componentxpected and unexpected
components and thus they have also inserted ittirdanodel. The authors have
filtered the part from the volatility which had lmeexpected for the given day

18| do not present these other factors in my diasiert, because during my research | will only apply
equation (9), based on the method described int&ytber 11/2.4. For more details about the further
models applied by these authors, see Csavas aadt’Eff2005) research.

9 The authors have defined the volatility indicatotwo different ways: in one case with the aid of
GARCH model, in the other case they have obserhedlifference between the daily minimum and
maximum price levels in percentage. | will give armdetailed description about these in Subchapter
2.4,
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based on past information, and then they considdéredest as the unexpected
component. From the expected and unexpected comisoakvolatility only the
unexpected one became significant, therefore tloekshaffecting volatility are
reflected in the spread. It may refer to the faet tonly newly arriving pieces of
information affect the spread change, whilst th@aot of expected volatility is

already included in the spread.

2.2.Database

The database of Budapest Liquidity Measure forneshifisis of my research.
The BLM values can be determined by the actualrdodek. During my research |
have examined the data between 1st January, 2@03rdrdune, 2011 from the BLM
database which was created based upon the ordr lbothe examined period the
database contains the BLM data for every secorehol trading day from 9:02 AM
until 4:30 PM when any change occurred in the ordeok. Furthermore, the
database contains the BLM data of every secuiiyetdt on BSE, on all the five order
sizes (EUR 20 thousand, 40 thousand, 100 thousa@d, thousand and 500
thousand). However, the database contains nottbel8BLM data, but also the three
components of BLM on every transaction size: bikl-apread, APM_bid and
APM_ask. Furthermore, it contains some other ddt@lwprovide information about
the trade. Table 4 and 5 show a small part of tAié> BLM database on 12th
September, 2007.

Table 4: The BLM database

Date Time | LP |spread| APM_ |APM_aski| BLM1 | APM_bid5 | APM_asks | BLMS5

(bps) | (bps) | bidl (bps) (bps) (bps) (bps) (bps) (bps)
2007.09.12 10:00:01| 4,36 | 8,72 0,00 5,28 14,00 35,47 14,71 58,90
2007.09.17 10:00:07| 4,36 | 8,72 0,00 4,07 12,78 35,47 14,12 58,81
2007.09.17 10:00:15| 4,36 | 8,72 0,00 0,13 8,85 35,47 13,88 58,07
2007.09.17 10:00:34| 4,36 | 8,72 0,00 0,13 8,85 35,30 13,88 57,90
2007.09.17 10:00:36| 4,90 | 9,81 0,00 0,13 9,94 34,73 13,88 58,42
2007.09.17 10:00:39) 4,90 | 9,81 0,00 0,13 9,94 34,73 13,88 58,42
2007.09.17 10:00:49) 4,90 | 9,81 0,00 0,13 9,94 28,94 13,88 52,63

Source: my own edition based on the database offieed Stock Exchange
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Table 5: Other data in the BLM database

. . . Last
Time [;\:Iilt(:je nutr)wi%er p?ilge VaB|IL(Jje nuarﬁlb(er Fﬁi’,‘ke v/glsL:(e tﬁ?;d Quantity -Etuhr:.:%v;)r
(HUF) levels | (thHUF) levels | (thHUF) (HUF)
10:00:01] 9176 517 173 | 1186121 728 249 | 2703746 9180 238 280 2186 499
10:00:07] 9176 517 173 1186121 729 250 2717531 9180 238 280 2186 49P
10:00:15 9176 517 173 1186121 730 250 2719 367 9180 238 280 2 186 49
10:00:34] 9176 518 173 | 1186578 730 250 | 2719367 9180 238 280 2186 499
10:00:36| 9175 518 173 | 1186571 730 250 | 2719367 9180 238 280 2186 499
10:00:39] 9175 518 173 | 1186571 731 250 | 2719967 9180 238 280 2186 499
10:00:49] 9175 519 173 1204871 731 250 2719967 9180 238 280 2186 49P

Source: my own edition based on the database ofieed Stock Exchange

2.3.Research question

During a series of interviews about market liquidft market participants
have told me that they also take liquidity into sioleration as a significant risk factor
for their investment decisions. According to themmarket participants commonly
categorize stocks into liquidity classes and thegidke about their market entrance
and strategy based on this. There are participahts are only willing to invest in
liquid stocks, e.g. a significant part of techniealalysts. However, there are those
who are also willing to purchase illiquid stocksr finstance the passive fund
managers. Furthermore, participants who are fundtahanalysts are also willing to
buy illiquid stocks. They act this way in the casten they assume that the
fundamental value differs from the market valusuoh extent that it is worthwhile to
buy/sell even if they face significant transactasts caused by the lack of liquidity,
because they will recover the loss by the rise/tdlimarket price. Concerning
fundamental analysis, the interviewees’ opinion e the shorter the period in
which somebody trades, the more significant roldheraatics and statistics will
have, whilst fundamentals are pushed to the badkgroThey explained this with the
fact that if e.g. somebody accomplishes a one-gEooan even more frequent-period
trading, she takes advantage of the inefficienayrodted by those who trade for
instance in one-day periods and do not constanlgiiy their portfolio as fresh news

appear. However, those who trade on a daily basefit grom the mistakes

% The series of interviews was realized with thetipigation of Edina Berlinger, Akos Gyarmati,
Marton Michaletzky, Baldzs Arpad &z, Kata Véaradi and Gabor Volgyes and its topic masket
liquidity.
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committed by those who trade only once a month, Bte longer the period is in
which we invest, the more fundamental analysis cotae¢he forefront and the role of
mathematics and statistics will be pushed to tlekdpamund. Therefore, time scale is
very important when we take liquidity into consiaéon during a portfolio decision.
As follows from the preceding information, the dieorthe period in which market
participants invest, the higher the value of aipaldr stock’s liquidity will be for
them.

In order to state whether a stock is considerdoettiquid or illiquid, market
participants use simple rules of thumb. The moshroonly used indicators for
assessing liquidity are the bid-ask spread anduan(Szics and Varadi, 2012).

Based on the interviews, and on the Hungarian esudione in the past, | will
compare the BLM to the two most commonly analyzedidiity indicators, to the
bid-ask spread and turnover. | examine to whatrdxtteese three liquidity indicators
(i.e.: bid-ask spread, turnover and BLM) give sanitesults regarding liquidity and
under what market circumstances can the use ohskdspread and turnover be
misleading as far as liquidity is concerned.

In addition, | will also examine the relationshigetiveen volatility and
liquidity, since according to the literature (Midbzky, 2010; Csavas and Erhart,
2005) we can state that these two variables haw®oag positive relation. | am going
to examine the relationship between volatility digdidity during a calm period and
— based on this — how much predictive strengthgtbeith of volatility has regarding
the decrease in liquidity. After this, | observeawvkecrease in liquidity the growth of
volatility caused on the market during the crisgssipd and | then make a comparison
whether this value is higher or lower than it wobkve been estimated based on the
calm period. If | come to the conclusion that thliidity is lower than | estimated,
then Csavas and Erhart’'s (2005) statement can gidigd that only the volatility
increasing effect of the new pieces of informatisrbuilt into the bid-ask spread
growth — and consequently into the liquidity deseea as, the expected volatility is
already reflected in the value of the bid-ask spré&arthermore, based on the result |
can also draw a conclusion whether the 2007/20@8& avas actually also a liquidity
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crisis’* or with the volatility increase was accompanietyavith a ,natural” decrease
in liquidity.
The main questions | examine in the chapter aréaflmvings:
- What average value does the BLM take on the fideiosizes in the case of
different stocks during the examined period?
— What kind of relationship does the BLM have witk tivo liquidity indicators
which are most commonly applied by market partictpai.e. with the bid-ask
spread and turnover?

- How strong is the relationship between liquiditylarolatility of an asset?

| consider the examination of these questions g®itant above all for three
reasons. On the one hand because by respondihgde tjuestions we can determine
which one of the three examined liquidity indicate worthwhile to use, and which
one renders the most reliable result concerningidity. On the other hand, |
consider this to be important because | intendravide a basis for liquidity to be
able to be traded as a product in the future — eviéim the help of an indicator as
BLM —, and to be able to serve as an underlyingtdss derivative$? As a result the
risk originated from liquidity could be hedged. Hewer, to achieve this it is
inevitable to know the relationship between vaiigtiand liquidity. Thirdly, 1 find it
important because when market participants exexdigamic portfolio optimization
on the market, then it is not sufficient to decadeng the return-volatility dimension,
they also have to include liquidity into the deaisimechanism, since the market risk
consists not only of the price-risk, i.e. the charmg the mid price, but also of the
liquidity risk. For this reason liquidity cannot nored during the optimization, and
its relationship with return and volatility haslie borne in mind.

Based on the research questions in this phase afesgarch | am going to

find answers for the following hypotheses:

2L For more details on the crisis and the lack ofiitiify that evolved during the crisis see Kiraly
(2008), Berlinger, Horvath and Vidovics-Dancs (2012
2 For the pattern by which volatility has startedetraded with see Berlinger et al. (1998).
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H1: BLM, and the most commonly used liquidity indiators in practice
(bid-ask spread, turnover) provide different ranking from the aspect of
liquidity for individual stock:

H1/a: during a calm period, and

H1/b: during a crisis.

H1/c: in the case of a liquid and

H1/d: an illiquid stock.

H2: There is a positive relation between volatility(standard deviation,

true range) and BLM.
2.4.Research methodology

Benefitting from previous Hungarian research | aning to examine BLM
database based on the above presented Equatitie @ifference will be that | divide
the linear regression into three parts and | wikhraine the impact of turnover and
volatility separately. Furthermore, instead of camtcation | am going to examine the
bid-ask spread as an explanatory variable. Inha#et cases the dependent variable
will be the BLM. All in all, the empirical analysigf BLM indicator can be divided
into three main parts:

1. First, | present how the BLM database looks likéyatvare the average values
between T January 2007 and f6July 2010. In this part of the research | am
going to put together a cross-sectional analysis.

2. Second, | determine the average BLM, bid-ask spaad turnover data for
different periods — for a complete time series &l as before, during and after
the crisis. After this | observe to what extent tineee indicators provide a
different ranking, which | am going to test withdwank correlation methods:

Spearman’s rank correlation mettfdcand Kendall's rank methdd. Following

n
60D df
i=1
n®-n

number of the x and y variablgy unit number i, and n is the number of the unitshe statistical
population. The value of the index can be betwdeaind 1. If its value is -1 then the order is petiie
opposing, whilst if its value is 1, then the ordemperfectly identical (Kerékgyarté and Mundruczé,

1995).

3 Spearman’s rank correlatigh=1- , where d; =x; —y; is the difference of the rank
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this, | determine the correlation of each indicatath one another, and with the
help of a linear regression | observe the explaggiower of bid-ask spread and
turnover concerning BLM. Finally, | also examineethonnection between the
change in the bid-ask spread/turnover and the eéhahBLM.

3. Third, | assess the relationship of liquidity — atniwill be quantified by BLM—
with volatility. | am going to examine the connectiwith a linear regression.
However, volatility can be measured in differentysjaso | have defined it in my

dissertation as follows:

D
a. Standard deviation of the qureturmzﬁ%Z(rd—F)z, where rqis the
d=1

logreturn (4 = In:—d), 7 is the average return during the given period, Bnd

d-1
is the number of periods during 8,7 time interval. If we estimate the
standard deviation according to this, we assumiettigatime series on which
we based the estimation is stationary, i.e. thériligion of the returns is
equal to the long-term ,average” distribution oé tleturns, which means that
the expected value and the standard deviationcargtant in time.

b. Standard deviation estimated from GARCH modfelve assume that the time

series of returns is not stationary, we can esantia¢ standard deviation of
returns with the GARCH Generalized Autoregressive Conditional
Heteroscedasticilymodel. GARCH models take the fact (which is comiyo
observed in practice) into consideration that tladard deviation of returns
is persistent, i.e. if the standard deviation omuereases, then its value
remains high for a long period. This phenomenonseauhe clustering of
volatility (heteroscedastici)y which is the basis of GARCH models
(Bollerslev, 1986).

12Di(cj -cf
=

24 Kendall's method:W = .

where (C]- —6)2 shows the sum of squares of each rank
m3On®-n

number sum’s deviation from its mean, n is the neindf the units in the statistical population, whil

m shows the number of ranking lists we comparee Vidlue of the index can be between 0 and 1. If
its value is 0, then the order is perfectly oppgsivhilst if its value is 1, then the order is metfy
identical (Kerékgyarté and Mundruczd, 1995).
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c. Difference between the daily minimum and maximuntein percentage

H L

P, . . : : :
vol=———", wherer!" is the daily maximum price, ar®} is the lowest one.
Pt

d. True rangeTR = ma>{PtH ;Pﬁl)—min(Pt" ;Pfil), where P!/ P- is the highest/lowest
price experienced during the period, whikst, is the closing price at the end

of the previous period (Wilder, 1978).

As | observe the relationship of BLM and volatilityith the help of the
linear regression, it is inevitable that volatiliata should be available for every
trading day. In the absence of data, the standewdhiion of logreturn cannot be
examined: the intraday prices should be known ligs, tout they are not at my
disposal. Instead, | estimate the standard dendtineach day with the aid of the
GARCH model. In this case | have the implicit asption that the returns |
observed are from the distribution which is assurbgdthe GARCH model
during the estimation of the standard deviationmelg from Student’s t-
distribution in the current case.

| undertake the estimation of the standard dewiatih the help of the
following AR(1)-GARCH(1,1) model:

R =C+qry +& (10)
€ =0y (11)
Of =ag +agf, +biot,, (12)

in which Equation 10 is the equation of the expeatalue (conditional expected
value), whereyrsignifies the logreturn of the particular day, efhdepends on the
logreturn of the preceding day..r This is referred to as AR(1), i.e. an equation
describing an autoregressive process in which #heevof the return of a given
day depends on the value of the return of one gepreceding it. However, we
can estimate the; residuum value of this AR(1) process with a GARCH)1
process, where we receive thevalue as the product @i conditional standard
deviation and), (Equation 11), where, is a ID(01)% probability variable.

However, for this we need to determine the cond#iocstandard deviation, for

% 1ID(0,1) means the probability variables are inefegient, and identically distributed, where the
expected value is 0 and the standard deviation is 1
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which we need the variance Equation 12 (conditieaalknce). Equation 12 gears

the square of the conditional standard deviatian (iariance) to the variance of

the previous periodc(tz_l), and the square of the residuum of the previearsg

(8?_1). As both the varianceo(f_l) and the residuume(f_l) are from the period

directly preceding the current variance, therefiinis process is referred to as
GARCH(1,1) (Tulassay, 2009).

However, apart from the standard deviation valueserchined by
GARCH model, | am also going to analyze anothemawdly index, the “true
range” (TR). The reason why | use this index indte&the “difference of the
daily minimum and maximum price in percentage” éduse true range shows
market volatility the best, as well as this is thdex which is most commonly
used by technical analysts to quantify volatiliyakara, 2004).

However, | am going to modify the TR formula preysty presented in
3/d subpoint in order to be expressed in a peiesiatim, namely dividing the TR
values by the average market price of a given @lays TR calculation will be the

following, whereP™ shows the average price of the particular day:

_ max(PH ;PtC_l)—min(PtL ;Ptc_l)
= o

TR (13)

2.5.Results

2.5.1.Average BLM values of the BUX shares

From the perspective of the investors it is imparta know which instrument
has the lowest value of liquidity measure, sinae ltdwer this figure the smaller the
implicit cost the investors face when they buy/sled stock. The following Figures
(12; 13; 14; 15) show the average value of ligyiaiteasures of stocks in BUX in
years 2007-2010. In Figure 12 it is clearly visitthat BLM values monotonously
increase in the case of every stock, namely BLMdwshthe lowest, while BLM5

shows the highest value.
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Figure 12: Average BLM values in 2007
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Figure 13: Average BLM values in 2008
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Furthermore, it is also conspicuous that the stder formed on the basis of
BLM1 value is not similar to the order of BLM3. Bjphenomenon is due to the fact
that the order book of each stock may have diffestapes. Whilst in the case of a

stock (e.g. FHB) many orders are in the first fews of the order book, it is possible
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that in the case of another stock (e.g. TVK) treeemany in the higher levels of the
book. Thus it can occur that FHB is more liquidtba first two order sizes. | found

similar results concerning data in the other years.

Figure 14: Average BLM values in 2009
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Figure 15: Average BLM values in 2010
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In order to facilitate investment decisions for estors, it is worthwhile to
place the BLM values of the examined stocks onaa m&ap, which includes the BLM
values belonging to the different order sizes ichart. The higher value the BLM
takes, the darker coloring the particular cell g#tas facilitating better transparency
and quick decision making for investors concernigagidity.

Table 6: Heat map

Heat map BLM1 BLM2 BLM3 BLM4 BLM5
OoTP 17 21 30 42 74
Mol 31 39 59

MTelekom 35 46

Richter 36 46

Egis 109 169

Source: own table, published in Gyarmati et aD1(a), p. 507.

According to the heat map, | categorize the staetsthree groups from the
aspect of liquidity: liquid, medium liquid and djuid groups. The four bluechip
stocks which received a white coloring on the heap based on BLM1 level, i.e.
OTP, MOL, MTelekom and Richter, are considered itiqstocks. For the
determination of medium liquid stocks | did not smier BLM1 level, since the heat
map did not show a significant color differenceréhelherefore, in this case | took
BLM4 values for basis, and thus it occurred that fibllowing stocks are considered
medium liquid stocks: Egis, Fotex, FHB, Econet, &ba. | classified the other
stocks into the illiquid category, i.e. the illiguiones are the: TVK, Synergon,
Pannergy and ANy. Figure 16 and 17 show the twamaok of the heat map along
which | divided the stocks into groups.
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Figure 16: Categorization of stocks based on liquity 1.

BLM1

700
_ — Liquid stocks
600 ] — Medium liquid stocks
5007- — llliquid stocks
400
300 - ]
200
100 ]
ol =m WH BN [N
R S N & &S & & & N o ~\
S N P R A &S
& s QT
Source: proprietary
Figure 17: Categorization of stocks based on liquity I1.
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2.5.2.The relation between BLM and other liquidity indicators

The advantage of BLM compared to other liquidityaswres is that it is able
to measure liquidity along all static dimensionghiness, depth, breadth), and thus it
gives a more precise view about market liquidityuaion. In this subchapter |
examine to what extent BLM provides different résuhan the liquidity indicators
most commonly used in practice: the bid-ask spraad turnover. Among static
dimensions, bid-ask spread can measure liquiditiiendimension of tightness, while
volume can measure depths and from dynamic dimessiocan also be applied to
measuring immediacy.

Concerning the whole period {Uanuary 2007 — 16July 2010), Table 7
shows the average values of each liquidity indisatan which stocks are visible
according to the ranking which was formed base&/dih.1.

Regarding the average of the whole period, it cansben that different
liquidity indicators provide different ranking cogring liquidity. The difference
appears to be significant in the case of the tuenaldata, since in that case a
difference in the ranking can be found in all theee liquidity groups, whilst based
on the bid-ask spread a difference can only bedonnhe medium liquid and illiquid
groups. In my opinion, the difference in rankingaisonsequence of the fact that the

indicators measure liquidity in different dimensson

Table 7: Comparison of liquidity indicators
based on the average values of the data of 01/010Z616/07/2010.

Order based | Order based on| Orders based on

on bid-ask spread turnover

BLM1 (bp) (bp) (mHUF)
OTP 17 1. 11 1. 14 090 1.
MOL 31 2. 19 2. 6 450 2.
MTelekom 35 3. 20 3. 1606 4,
Richter 36 4, 23 4, 2140 3.
Egis 109 5. 48 5. 288 5.
Fotex 243 6. 58 6. 157 6.
FHB 256 7. 73 8. 84 9.
Econet 312 8. 114 11. 86 8.
Raba 368 9. 70 7. 137 7.
TVK 496| 10. 106 10. 39 12.
Synergon 510 11. 93 9. 84| 10.
PannErgy 600| 12. 134 13. 63 11.
ANY 626/ 13. 132 12. 29| 13.

Source: proprietary
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For the sake of a better comprehension, Figure €iBodstrates the data of
Table 7, where | ranked the stocks also accordingltM1. Instead of the turnover
data itself, | displayed its reciprocal on the figubecause it is easier to demonstrate

the turnover data in the same figure together hi¢hBLM1 and the bid-ask spread.

Figure 18: Comparison of liquidity indicators
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According to Table 7 and 18, it can be stated itinétte group of liquid stocks
the order based on bid-ask spread seemingly diféms compared to the order by
BLM than in the case of the turnover. This is asamuence of the fact that the bid-
ask spread is a component of BLM, thus it naturalfijyences the BLM value. It can
also be observed on Table 7 that the less liq@ithek is, the less relative proportion
bid-ask spread has within the BLM value, as thearggnificant the value of the
adverse price movement will be within the BLM vaferor this reason the orders
will differ in the more illiquid categories. Figur®d shows the proportion bid-ask
spread represents within each BLM value on diffeceder sizes in the case of stocks
in BUX, which thus shows in case of which stock ta@ value of the adverse price

movement be considered as significant.

2 BLM = 2LP + APMyk + APM,q = bid-ask spread + adverse price movement on itheside +
adverse price movement on the ask side.
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Figure 19: The average proportion of bid-ask spreadvithin BLM values on different order sizes
between 02/01/2007-16/07/2010.
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The figure shows that the higher the size of tlteowe consider, the smaller
the share proportion the spread represents wiki@rBLM value, and the bigger the
adverse price movement does. Furthermore, the hprel the stock we consider,
the higher the bid-ask spread share within the BladWie. For this reason in the case
of liquid stocks the BLM and the bid-ask spreadvie a nearly similar ranking for
stock liquidity.

In the case of medium liquid and illiquid stocksstinteresting that whilst
according to BLM1 and turnover the classificatiamtoi the two big categories
(medium liquid, illiquid) is the same — althoughetianking differs within each
category —, based on the spread the categorizatimmwever dissimilar. For instance,
according to BLM1 Econet belongs to the group ofdime liquid stocks, while
based on the spread and used the rules of thumiedy investors, then we would
slot the stock into the illiquid category.

With the help of rank-correlation | examined whetirethe case of the bid-
ask spread or in the case of the turnover, the Blrd¥ides a similar result from the
point of view of ranking. Carrying out the calcudet according to Spearman’s rank
correlation | received the result that the rankeation value between BLM1 and the
spread is 0.945, whilst this value between the BL&# the turnover is 0.956.
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Therefore, even though according to the data geaps as though the ranking
accords less in the case of BLM1 and turnover + dgffers in more locations —,
based on the calculations, | concluded that thking differed more according to the
BLM1 and the spread. This is the consequence ofaittehat if there is difference in
the ranking in the case of the spread and BLMl1n tties difference is more
significant there than in the case of BLM1 and twer. This may cause a problem in
case the different rankings have the consequencsotiing a stock into another
liquidity category, which has happened for instaimcéne case of Econet.

| also determined to what extent the three indisafmovide a similar order
with another rank correlation method. This metro#éndall’s rank correlation, with
which | could examine the three indicators simudtausly. | received the result that
the value of the index is 0.965, which shows theesas Spearman’s rank correlation,
i.e. that the order can be regarded nearly sirbéaed on different indicators.

However, the whole examined period also contairs ghase of the crisis
started in 2007/2008. For this reason | considéredorthwhile to divide the time
series into the following sections: before cri€i4/01/2007-16/10/2008), during the
crisis (17/10/2008-03/04/2009) and after crisis/Q@42009- 16/07/2010) phas¥s,
and examine whether the same can be stated atoatdar formed according to the
three indicators also for the three different pasithan regarding the whole period.

Table 8 contains the values of the rank correlaoreach period.

Table 8: Rank correlation

Methods Indexes Whp le Be_fo_re Du.r Ing Af_te_r
perlod Crisis Crisis Crisis

Spiarman’s BLM-spread 0.945 0.956 0.907| 0.896

ran

Kendall's rank | 5 \1_soread-value 0.965 0982 0.896 0.918

method

Source: proprietary

Based on Spearman’s rank correlation, it can beedtdnat before and also
after the crisis the connection was stronger inréimking formed between the BLM1
and turnover than between BLM1 and the spreadheadth both could be considered

27| have accomplished the division into periods witie help of the bloxplot diagram and with the
examination of structural breaks, about which legivdetailed description in Subchapter IV/2.4.4.
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as strong. However, during the crisis this reveisad the strength of the relationship
between BLM1 and turnover significantly reduced,ile/tbetween BLM1 and the
spread it did not decrease equally significantlfhisTentailed that between the
rankings provided by spread and BLM1 the connedtierame stronger than between
the rankings according to turnover and BLML1.

It can also be experienced in the case of the ledioa index calculated with
the help of Kendall's rank method that during thisis the strength of the connection
decreases, which again increased following thascria order to comprehend this
phenomenon it is worthwhile to observe the formaakmng in the three examined
periods, which are shown in the following threeufigs (20; 21; 22). On these figures,
| ranked the stocks according to the BLM1 valuéhefwhole time series. | did this in
order that it could be seen that the categorizaifstocks can change in each period,
and for this reason it can be important to oftanise which liquidity category each
stock belongs to. An instance for this during thisig is Raba, which would have
belonged to the group of illiquid stocks instead tbE medium liquid ones.
Furthermore, it is also visible on the figures (Fegs 20-22) that based on different
indicators we would have sorted the stocks intéedeht liquidity groups, as we did

for the whole examined period, e.g. in the cadéaainet.

Figure 20: The average values of liquidity indicatos before crisis
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Figure 21: The average values of liquidity indicates during crisis
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Figure 22: The average values of liquidity indicates after crisis
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Table 9 summarizes the data of the above figutesan be observed on the
table how the economic crisis originated from thdmime crisis of 2007/2008

affected the values of liquidity indicators. It che seen that as a consequence of the
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crisis o the values of BLM and spread have sigaiftty grown in 2008, as well
which in some cases did not return to their preistievel. The same appears in the
turnover data, i.e. that the turnover slumped endhase of all stocks. However, while
BLM1 and bid-ask spread did not return to their-guisis level only in some
instances, for the turnover data it can be obsered except for OTP and
MTelekom, the turnover of none of the stocks retdrito its pre-crisis level. In the
table the particular indicators of stocks whoselitigy did not return to their pre-

crisis level after the crisis are highlighted.

Table 9: Average values of liquidity indicators

BLM1 (bp) Spread (bp) Turnover (mMHUF)

Before| During | After | Before| During | After | Before | During | After

crisis | crisis | crisis| crisis | crisis | crisis| crisis | crisis | crisis
OTP 16 30| 14 12 16 9| 13,405 9,666| 16,497
MOL 25 53] 30 19 27| 171 9,763 2,958 3,038
MTelekom 33 48| 32 21 25| 19| 1,691 1,599 1,485
Richter 34 55| 33 24 31 20| 2,523 1,599 1,801
Egis 102 201, 88 52 67| 36 333 185 261
Fotex 131 651| 256 47 101 59 263 44 49
Raba 147| 1,255 372 53 145| 68 221 23 57
FHB 217 617| 186 85 97| 48 96 30 85
Econet 226 755| 282 87 173] 132 102 13 88
Synergon 254| 1,368 560 81 170 84 142 25 24
TVK 353| 1,172 459 107 178 80 58 12 22
Pannergy 481 1,470 477 157 240| 67 87 36 39
ANy 559| 1,119] 554] 148 172| 97 32 20 28

Source: proprietary

Therefore, on the whole we can state based on &gh22 and Table 9 that
during the examination of rank correlation the tielasship can be considered as
strong concerning the ranking formed by liquiditydicators. However, there are
differences in the order which can be importantirdu@an investment decision. An
instance for this is when we sort a stock intoféedint liquidity category because of
the differing order. This phenomenon only occursh@ medium liquid and illiquid
categories. In the case of liquid stocks i.e. the bluechip stocks, the stocks can be
considered as liquid according to all three ligyidndicators. It follows from this
that if we regard the four bluechip stocks then thles of thumb used by market
actors — namely that they consider the bid-askaspend the turnover as liquidity

indicators — typically lead to a correct resulthe sense that they sort the stocks into
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the liquid group. However, the same cannot be ghalt the sorting into the other
two categories.

Another important conclusion is that during a erishe rank correlation
decreases, therefore it increases the inaccurattyeafategorization if we sort a stock
into a liquidity group based on an inappropriaticator.

Based on Table 7 and 9 a further interesting phemam can be observed,
namely that the liquidity of each stock comparedetch other highly differs
according to different indicators. Having examirtled four bluechip stocks, Table 10
shows this difference. For instance it can bee fle@nbased on BLM1 OTP is 1.82
times more liquid than MOL, whilst according to riaver data it is already 2.18
times more. What is even more significant that Q3 Rearly 2 times more liquid
than MTelekom from the aspect of BLM, while if wegard turnover, then OTP

appears to be 9 times more liquid.

Table 10: Liquidity of stocks compared to each othe

BLM1 | Spread | Turnover
OTP-MOL 182% 173% 218%
OTP-MTelekom 206% 182% 877%
OTP-Richter 212% 209% 658%
MOL-MTelekom 113% 105% 402%
MOL-Richter 116% 121% 301%
MTelekom-Richter | 103% 115% 75%

Source: proprietary

This is essential because if traders decide whsitipo they should take in
each stock according to their respective liquiditgn it is not the same according to
which indicator they make such decision. Namelyseloaon BLM they would take
two times bigger position in OTP than in MTelekowhile based on volume they
would create a nine times bigger position.

Therefore it is important to check how strong tekationship is between the
three liquidity indicators, since in spite of thacf that stocks are nearly similarly
categorized in respect of liquidity, it does netessarily mean that there is a strong

relationship between each liquidity indicator.
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2.5.2.1.Relationship between liquidity indicators

During the comparison of the three liquidity indma, | considered it
worthwhile to examine the correlation between tiweé indicators, i.e. to observe

how strong the relationship is between them.

Table 11: Correlation of liquidity indicators between
02/01/2007 and 16/07/2010

Correlation between liquidity
indicators

BLM1- BLM1-

Spread | turnover
OTP 0.911 -0.092
Mol 0.884 -0.273
Richter 0.746 -0.241
MTelekom 0.919 -0.178
Eqgis 0.838 -0.328
Fotex 0.794 -0.313
Raba 0.736 -0.213
FHB 0.557 -0.099
Econet 0.738 -0.239
Synergon 0.648 -0.297
Pannergy 0.554 -0.095
TVK 0.694 -0.273
ANy 0.521 -0.105

Source: proprietary

According to the table it can be stated that thisrea strong positive
relationship between the BLM and the spread, baitdéhs liquid the stock, the weaker
is this relationship.

There is a weak negative relationship between tineover and the BLM.
Namely, when the turnover on the market is low/highdoes not predict well
whether the liquidity would be also low/high acaogito the BLM or the spread.
Therefore, the a conclusion can be drawn accordifigable 11 that the BLM and the
spread provide a similar result concerning liqyiditased on daily data, but the
turnover gives a significantly different result. As consequence, in Subchapter
2.5.2.2 1 am going to carry out a more detailedn@ration about the relationship
between BLM and turnover data also in the casentohday data. But before that, |
present how the relationship changed between thel Bhd the spread, and also
between the BLM and the turnover before, during after the crisis. With the help
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of linear regression, | examine the extent of tklanatory power of the spread and
turnover concerning BLM in the three different peis. | made the examination in
the case of a liquid (OTP), a medium liquid (Egisd an illiquid (Pannergy) stock.
As a result, | have concluded that compared tootten the spread had a higher
explanatory power regarding BLM, which is shownTable 12 which contains the
R-squared values. In the table it can be seendimang the crisis the explanatory
power decreased in the case of all three stockshwhd not return to its pre-crisis
level in the case of liquid and medium liquid ongkreover, for OTP the turnover
did not have a significant explanatory power conitey BLM after the crisis at all.
Furthermore, it can be seen in the data — whicleamealso observe in Table 11 — that
the less liquid a stock, the lower is the explanafmwer of bid-ask spread. This
phenomenon cannot be observed in the case of tirnswice there the explanatory
power is higher before and after the crisis inadase of a medium liquid stock, while
during the crisis it is higher for the liquid st@ck although this explanatory power is

not considered as significant in any case.

Table 12: Explanatory power of spread and turnover
Spread-BLM Turnover-BLM
R-squared |OTP Eqis Pannergy| OTP Egis | Pannergy
Before crisis 0.924] 0.766 0.421f 0.019[ 0.126 0.007
During crisis 0.899] 0.654 0.111] 0.124] 0.081 0.012

After crisis 0.875] 0.674 0.641 0.002] 0.159 0.020
Source: proprietary

Figures 23-24 show the result of the linear regoestr OTP in the case of
bid-ask spread and turnover before the crisis. fdsalt of the other two stocks

appears to be similar, therefore | dispensed usthlustration.
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Figure 23: Relation between spread and BLM beforehe crisis (OTP)
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Figure 24: Relation between turnover and BLM beforethe crisis (OTP)
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It is seen in the figures as well that the conmechetween the spread and the
BLM is strong, while between the turnover and tHeaVBit is not. However, apart
from the fact that the relationship between theicairs is not strong, it is

worthwhile to observe what is characteristic foe thange of these indicators, i.e.
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when there is a high increase or decrease in thadk spread or in the turnover, then
what can be said about the BLM value. Thus | exanhithe extent to which the
spread and turnover change explain the change bf.BL

| carried out the examination for all the threeipes. Table 13 contains the
results, where this time | have chosen anotherkstamm the illiquid group: the
Synergon instead of Pannergy. In Table 13 | bottiedvalues where the relationship

was not significant.

Table 13: Explanatory power ofAspread andAturnover

Aspread-ABLM Aturnover - ABLM
R-squared OTP EGIS |Synergon|OTP EGIS |Synergon
Before crisis 0.925( 0.401 0.000[ 0.000] 0.024 0.004
During crisis 0.846| 0.476 0.041f 0.005] 0.145 0.003
After crisis 0.876[ 0.402 0.021] 0.000] 0.036 0.001

Source: proprietary
From the results it can be seen that in the casigwél and illiquid stocks the
turnover change is not able to explain the charidd ™ in any period. For medium

liquid stocks it can, although the relation was stobng either.

Figure 25: Relation betweemspread andABLM before the crisis (OTP)
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However, the explanatory power of spread changeedses with the liquidity
of stocks, i.e. the more illiquid a stock is thede¢he spread change explains the BLM
change. This is due to the above presented reasomely that the more illiquid a
stock, the lower the share bid-ask spread represerthin the BLM value. |
demonstrate the results as well, in the case of o the pre-crisis period, which are

shown by Figure 25 and 26.

Figure 26: Relation betweenAturnover and ABLM before the crisis (OTP)
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2.5.2.2.Relationship between liquidity and turnover based o intraday data

Regarding the relationship of BLM and turnover, weuld have a prior
expectation that the higher turnover a stock hasldwer its BLM value, i.e. the
better investment it appears to be from the pointi@w of liquidity. In the case of
daily data we observed that the relationship betwi® two indicators is weak,
however, it is also worthwhile to examine how thieenomenon arises intradaily, i.e.
if the BLM value of a stock is low during the dagen whether it also has a high
turnover at the same time.

| have carried out this examination on the fourebhip stocks, based on

average intraday turnover and BLM data of Septen20€7, which are shown by
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Figures 27-30. The average values were calculatadnay that | took the average of
the BLM and the turnover data belonging to the sapwnd of each day. The basis
of the calculation were those days of Septembei7 200en there was trading on
BSE.

Figure 27: BLM1 and turnover values of MOL (Sept. 207)
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Figure 28: BLM1 and turnover values of OTP (Sept. Q07)
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Figure 29: BLM1 and turnover values of MTelekom (Set. 2007)
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Figure 30: BLM1 and turnover values of Richter (Sep 2007)
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The intraday average values calculated from tha odaSeptember 2007 by no
means support the hypothesis that the liquiditysaesd by BLM co-moves with the
turnover. The tendency that the higher turnovesgdogether with low BLM values is
not realized.

During the interviews with market participants, {6z and Varadi, 2012) we
experienced that as a rule of thumb they regardaimeation of intraday turnover as
though it formed according to a ,U-shape”, i.eisithigher at the beginning and the
end of the day than during the day. However, thisshape” can only be observed in
the case of OTP, for the other stocks only the dangincreasing turnover is visible,
which can be linked to the opening of the Amerisamck exchange in all the four
cases. The American stock exchange opens at 3140 Hungarian time, which
generates a significant turnover on BSE in thetrasling hour. While this impact can
be seen in the turnover data, it does not influgheevalue of BLM. While with the
increase in turnover should be accompanied withribeease in liquidity, this is not
reflected in the indicator.

Moreover, it can also be observed in the figures the trading activity is low
in the first hour after the opening, it intensifegsabout 10 AM, thus the first hour of
trading cannot be considered as typical for thdydaverage trade, therefore its
BLM1 data do not provide reliable information abbéqtidity. Furthermore, it is also
possible that the BLM1 values are higher in thst firour, because the investors build
up the order book with their orders at that timecévding to this, it can be stated that
between turnover and BLM data there is no strofagiomship even intradaily.

This finding is important for day traders (namehpse who close the opened
position by the end of the same trading day atldkest), because if they intend to
decide at the beginning of the day based on tumathether a stock is liquid or not,
then it is not certain that they receive a corresult. Namely, based on Figures 27-
30 there is also an instance that high turnovesicsompanied with low liquidity
(OTP, Richter), and also there is a further exantimdé by low turnover the liquidity
is also low (MOL, MTelekom). Therefore, the highrrtaver at the beginning of the
day did not entail that the order book was builfagter, and thus the particular stock

was more liquid.
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2.5.3.Relationship between volatility and liquidity

In the classical portfolio theory of Markowitz (Mawitz, 1952) every
investor optimizes in the standard deviation-regpace in order to maximize utility.
According to Markowitz, if we can assume that th&ribution of returns is normal,
then it is sufficient to know the expected value #me standard deviation, and based
on them investors are able to carry out the optation (Bélyacz, 2009, 2011).
However, the model ignores an essential factor,ehaitthat the product cannot be
traded at the mid price. Therefore, it does noswm®er the transaction cost originated
from the lack of liquidity. In case we take thisdawnal transaction cost into
consideration, then traders do not only have teesal utility maximization problem
in the standard deviation-return space, where itheisato achieve the highest return
with the lowest risk (Riecke et al., 1985), butytlveould also have to minimize the
occurring costs simultaneously. For solving suatomplex task, we need to know
the relationship of liquidity compared to the starttldeviation and the return. In the
present chapter | do not provide a solution fordpemization task, | only present the
connection between the three factors (liquidityyme, standard deviation).

The reason why | find the collective examination tble three factors
important is because during the series of intersiewe found that these are the three
factors that market actors strive to predict. Tkegate their strategy based on the
forecast of return-standard deviation-liquidityy fiastance how to accomplish the
order splitting of big orders or where to put thapslimits exactly.

During the analysis | observed the correlation leetwthe standard deviation
values estimated from BLM and the GARCH-model, bativeen the BLM and true
range (TR) values in the case of three liquid, oredium liquid and one illiquid
stock. Table 14 contains the results.

Table 14: Correlation between volatility and liquidity
BLM-TR BLM-standard deviation

Correlation | Before | During | After | Before | During | After
crisis crisis crisis crisis crisis crisis
OTP 0.723 0.632 0.391 0.598 0.582 0.606
MOL 0.638 0.423 0.311 0.523 0.224 0.414
Richter 0.276 0.636 0.224 0.248 0.523 0.403
Egis 0.526 0.424 0.118 0.410 0.373 0.162
Pannergy 0.302 0.107 0.245 0.059 0.179 0.246

Source: proprietary
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According to the data, the correlation between tldlaand liquidity before
and during the crisis is always bigger if we meastolatility with the true range and
not with the standard deviation. During the cri#iss only in the case of the illiquid
stock that the correlation is higher between tlanddrd deviation estimated from
GARCH model and BLM than between the true rangetaedBLM. However, after
the crisis the correlation in every case is highetween the standard deviation and
the BLM. According to the data, it can also be obsé that the more liquid a stock
is, the higher the correlation tends to be betwlepndity and volatility for every
period.

In the case of OTP, apart from correlation | alganeined the explanatory
power of volatility concerning liquidity, and | obsed what estimation could have
been given for liquidity, based on the pre-crisgigd assuming the knowledge of
volatility. 1 accomplished the examination with dear regression, on one hand
because this model is used in the literature, erother hand because only the fitting
of a very high (six) degree polynomial provided ettér estimation than linear
estimation, but also in that case only with a srpalicentage did the R-squared value
improve. Thus applying the linear regression apgeés be justified.

Figure 31: Linear regression
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Referred to BLM, | examined the explanatory powestandard deviation and
the explanatory power of true range separatelgait be stated based on Figure 31
that the explanatory power concerning the formatibhquidity is higher in the case
of the true range, since there the R-squared valQeés2, whilst in the other case it is
only 0.36. For this reason, | am going to apply lihear regression estimated with
the true range in order to assess the extent ligudécrease could have been caused
by a volatility rise such as the one occurred dytire crisis.

Figure 32 shows the extent of the difference betwéhe actual and the
estimated liquidity. According to the figure it cha stated that almost every day (100
times out of 114 days) the estimated BLM was loten the actual one, i.e. the
shortage of liquidity was bigger than it could hdeen expected. Therefore, based
on this the conclusion can be drawn that there alss a real liquidity crisis during
the year 2008. Furthermore, it justifies Csavéas artart's (2005) statement that in

the liquidity decrease the rise of the unexpectadtility is reflected.

Figure 32: Difference between the actual and the #ated BLM during the crisis
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| also examined for the post-crisis period whainestion we would give
concerning liquidity. During this assessment, lengnced exactly the opposite as for
the during-crisis period, i.e. we overestimated ghertage of liquidity almost every

day based on the linear regression.

Figure 33: Difference between the actual and the #mated BLM after the crisis
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2.5.4.Time series of BLM

In my dissertation, | intend to use the BLM datab&sr presenting how it
could be utilized in risk management by supplenmgntcompleting a VaR-type
model with it, and by estimating a virtual pricepact function from it and then
carrying out a statistical analysis on the estichatatabase. | present these in the
following two (Il and 1V) chapters. However, fohis | find it inevitable to describe
how the BLM database evolves in time. Namely, | gong to carry out the
examinations on the time series data of the prigeact function based on this. The
following figure shows the formation of daily BLMHNd daily price of OTP between
1 January, 2007 and 3 June, 2011:
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Figure 34: Average daily BLM1 and price data of OTPduring the period of
01/01/2007-03/06/2011
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In the figure regression to the mean can be obdanvéhe BLM1 time series,
furthermore it is also to be seen that there israetation between the BLM1 of the
preceding day and the BLM1 values of the curreyt dsince it can be observed that
typically low BLM1-value days are followed also lpw BLM1-value days, and the
same can be stated when the BLM1 takes a high vdtuglso appears in the figure
that during the financial crisis of 2008 the valag the indicator significantly
increased, which well reflects the shortage ofitlgqy on the market during this
period.

According to this, in Subchapter IV.2 | am goingetcamine the database of
the virtual price impact function estimated frone tALM time series from the angle
whether a mean-reversion can be found in the tiewees whether there is an
autocorrelation in the time series data, and whethere is a structural break in the

database as a consequence of the ongoing econmn&spes.
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2.6.Conclusion

| have shown that BLM is a liquidity indicator whigs able to measure the
liquidity of the assets traded on the stock exchamlgng several dimensions, thus it
provides a reliable view of the current liquidityusition of the market. The analysis
also revealed, that the rankings based on thedkdsaread, the turnover or the BLM
are nearly the same, though the relation betweerbithask spread and the BLM is
stronger than between the turnover and the BLMsum, the BLM is an indicator
which is easy to use, and can help investment idesisfrom the viewpoint of
liquidity. Moreover it gives a more reliable pictuof the assets’/market’s liquidity, as
opposed to a situation in which the investor wobégse her decision only on the
turnover or the bid-ask spread. My main statementkis chapter and my answer to

the first hypothesis are the following:

H1: BLM, and the most commonly used liquidity indiators in practice
(bid-ask spread, turnover) provide different ranking from the aspect of
liquidity for individual stock:

H1/a: during a calm period, and

H1/b: during a crisis.

H1/c: in the case of a liquid and

H1/d: an illiquid stock.

S1: In the case of medium liquid and illiquid steckid-ask spread does not give the
same ranking as BLM, however the difference issmgrificant.

S2: In the case of liquid, medium liquid and illidwstocks, turnover does not give the
same ranking as BLM, however the difference issmgtificant.

S3: In a calm period i.e. before and after crisasking differs less from the ranking
provided by BLM based on turnover than from the based on bid-ask spread.

S4: During a crisis, the ranking based on bid-gskad differs less from the ranking
provided by BLM than from the one based on turnover

S5: During the crisis the rank-correlatibas decreased between BLM and the spread

and between BLM and the turnover.
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S6: In the case of the medium liquid and illiqutdcks itwould be worthwhileto
take also the BLM into consideration as a liquidlitgticator, because in their case
the ranking in the wrong order is more significant.respect of these stocks |
have also shown during my analysis that therecisamce that a particular stock is
sorted into a wrong liquidity category.

S7: In the case of liquid stocks, the values of BaiMl the bid-ask spread returned to
their pre-crisis level, while in the case of tureoit could only be observed in the
case of OTP and MTelekom.

S8: In the case of medium liquid and illiquid stediquidity of some stocks did not
return to the pre-crisis level according to the BaNt bid-ask spread, while it did
not happen to any stocks according to turnover.

S9: Each stock’s liquidity related to one anothear significantly differ in the case of
different liquidity indicators.

S10: The correlation between bid-ask spread and BBN be regarded as strongly
positive, while the correlation of BLM and turnov&mows a slightly negative
relation.

S11: The less liquid a stock is, the lower the @ation between the liquidity
indicators.

S12: The change of bid-ask spread has a strongaraolry power about BLM
change in the case of a liquid stock, whilst in ¢ase of medium liquid stocks
this explanatory power is not significant. In these of illiquid stocks, bid-ask
spread change has very limited explanatory powdriclw cannot even be
considered as significant before the crises.

S13: The turnover change cannot explain BLM chaimgéhe case of liquid and
illiquid stocks, whilst it has also only a low e&phtory power in the case of a
medium liquid one.

S14: Turnover and liquidity do not co-move intrdgafor instance at the beginning
of the day liquidity is low in every case regardl@ether the turnover is big or
small.

S15: BLM can be important for those market partiaiig who invest in illiquid stocks

or intraday.
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According to my statements, | can conclude thajeat the first hypothesis,
namely that the ranking of the different liquiditydicators differ notably. Though |
reject the hypothesis, in the course of making shwent decisions it is worth taking
into account the differences among the ranking ipiexi’by the liquidity indicators.

Apart from the fact that the investors could bdsarttrading strategy on the
BLM from the view of liquidity, market participantsan use this indicator for several
other things, as well. For example, brokers woudd dible to optimize the order
splitting of larger blocks of shares, or it coulelhtraders to set the prices of the stop
limits. Above these, BLM could be used for creatimeyv derivative products, which
would enable market participants to hedge liquidigk. In relation to these possible
applications, | have analyzed the relation betweelatility and liquidity. | have
based my second hypothesis on this analysis. Infdhewing | am listing my

statements, and my answer to the second hypothesis.

H2: There is a positive relation between volatility(standard deviation,

true range) and BLM.

S1: On the Budapest Stock Exchange it has beeifigdstthat there is a positive
correlation between BLM and volatility, namely ththe more volatile markets
are, the transaction cost caused by the lack oidity is higher.

S2: The less liquid a stock is, the lower the datien between liquidity and
volatility tends to be.

S3: Before and during the crisis, the correlatietnwzen the true range and liquidity
was stronger than the one between standard deviatid liquidity. However,
after the crisis this has reversed.

S4: The crisis of 2008 can be regarded as a liyuidisis based on the liquidity
estimated from volatility, i.e. the estimated BLMlwe is lower than the actual
BLM value.

S5: After the crisis, the estimated BLM value ipitally higher than the actual value,
i.e. liquidity is higher after the crises than @dhbeen expected.

From my statements it follows, that | cannot rejged second hypothesis,

namely that there is a positive relation betwedatuiy and liquidity.
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lll. Liquidity adjusted Value-at-Risk

Liquidity risk becomes more and more important isk rmanagement, i. e.
during the crises of the past decades, marketcpaatits had to face that the lack of
liquidity caused significant losses to them. Thislld be observed during the fall of
two giant hedge funds, Long Term Capital ManagentemMCM) in 1998, or even
Amaranth Advisor in 2006. What contributed to the@mkruptcy was that they took
such big positions that were impossible to liquedat a short period without a
significant price impact, which resulted in sigo#nt losses for them (Jorion, 2007).
Furthermore, also in the case of the subprimescbostween 2007 and 2008 it caused
great losses that money-markets dried out anddityucompletely disappeared from
the markets (Stange and Kaserer, 2009a).

Apart from market participants, regulatory authesthave also recognized
that there is a need to take liquidity into consatien, as well when drafting new
regulations™ Thus, the Basel Il accord did not prove to be adegfor the regulation
of financial institutions anymore, since it did natldress the issue of liquidity
management. During the crisis of 2007 and 2008,amaos reports and guide-lines
were created referring to the handling of liquidi}s a consequence, the Basel
Committee called upon the banks to use conservatiethods when the assessing
their assets from the point of their marketabiliBesides, the Committee has also
prescribed to the banks to integrate the costsgflierand risks of liquidity into their
pricing, performance assessment and into the psoaksaccepting new products in
the case of every significant business activitys@aCommittee, 2008). The Basel
Committee has created the main scheme of Basekdjilatory standard in 2009,
whose aim is to provide a regulatory framework @nmg the capital requirement
and liquidity of banks, thus expanding the Baseégulation.

Referring to liquidity, the Basel Il elaborateddvindexes so that the banks
could be more resistant during the periods whenlgble of liquidity occurs on the
market. One index incorporates the short-term difgyiof banks, whereas the aim of
the other index is to regulate the refinancing edfsl| liquid assets with appropriate

long-term liability (Kovacs, 2011). The first indeg the so called LCR (liquidity

ZAbout more detailed information on the relationsbifthe crisis and the regulations see: Antalczy
et al. (2009).
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coverage ratioj? and the other is the so called NSFR (net stabhelifig ratio)
index (BIS, 2010).

However, | am not concerned with the liquidity atniiks in my dissertation,
thus | do not undertake the analysis of the indemsied in the framework of the
Basel Il regulation, but my analysis is going entre around the liquidity adjusted
value-at-risk (LAVaR) models, since for market papants this index provides
important information regarding risk.

A vast number of research were created during &s¢ few years about how
to include the concept of liquidity into risk mamagent, and how to integrate
liquidity into the conventional VaR models. Forghit is inevitable to determine a
unified framework for the quantification of liquigli which is a complicated task,
namely liquidity in all asset classes is a conaelpich is highly difficult to quantify
(Basel Committee, 2005). Chapter I1ll/1 is concerneith the research which

supplement the conventional VaR models with liquidisk.

1. Literature of the LAVaR models

The Value-at-Risk (VaR) is a commonly used modethim risk management
systems, since it is easy to use and to undersfidme.VaR measure shows us the
maximum loss of the portfolio over a predefined dirhorizon T) at a given
significance level d). It can be expressed either in forint or as ageiage of the
portfolio value (Jorion, 2007). The significancedeis usually 95% or 99%, while
the time horizon can be anything, usually one dene week, one month, one year,
etc. There is a relation between the time horizawh the significance level, since the
longer the time horizon, the lower significancedlegan be, because we require a
lower security level in that case.

In order to be able to calculate the value of tteRVwe need to know the

probability distribution of our position in the tain security/portfolio at timd. The

2 | CR = Stockof highly - liquid assets

= 2100%
Totalnetcashoutflowsover thenext30calendadays

0 NSFR= Avalla_lbleamountof stable‘und_lng >100%
Requiredamountof stablefunding
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(1-a)th percentile of this distribution will give us éhvalue, from which our
security/portfolio will be worth less with a probbty of (1- a) at timeT (Jorion,
2007).

P(Vi<K)= 1-a (14)

where the value of our positionsand the difference of its percentil€)(will give
us the value-at-risk in forint. For example, if oportfolio’s value is normally
distributed at timd, which has am mean value, and astandard deviation, thdf
can be determined according to the next equatiasi(Q007), wherdN shows the

distribution function of the standard normal distition:

N(K_mjzl—a (15)

S

The conventional VaR calculation doesn’t contai@ tibtal market risk, since
it doesn’t take into account the liquidity risk. & honventional VaR assumes that one
can trade on the mid price within a fix time periddhis is not true in case of real
market situations. Because of this one needs te mto account, that it is not
possible to trade on the mid price, and liquidip@d be quantified. A variety of
studies have showed that liquidity risk constitudesignificant share of total market
risk therefore it is worth considering it. For iaste, Bangia et al. (1999) state that in
emerging markets models underestimate market gisksbhmuch as 25-30% because
of ignoring liquidity risk. Lawrence and Robinsal®@7) reach a similar conclusion.
According to their study neglecting liquidity riskay underestimate VaR by 30%.
Stange and Kaserer (2009a) analyzed the data dd¢hésche Boérse AG and found
that conventional VaR measures underestimate sR3%6 even for liquid stocks.
Finally, Dowd (2001) states that the costs of illtjty may reach the extent of losses
suffered from price fluctuations.

The results above all suggest that, when calcgat@R, above price risk we
must take into account liquidity risk, therefore tonventional VaR model should be

amended with the quantification of liquidity risk.
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In sum, market risk can be split into two main patthe price risk, namely that
the mid price changes as a result of market presessd liquidity risk, namely that
market participants cannot trade on the mid pkecethermore liquidity risk itself can
be divided into two parts, to exogenous risk, andogenous risk, which is shown at
Figure 35.

Figure 35: Decomposition of market risk

Market risk
Price risk qurtijglj(lty
Conventional Exogenous Endogenous
VaR liquidity risk liquidity risk

Liquidity adjusted VaR model

Source: Bangia et al. (1998), p. 3.

Exogenous liquidity risk stems from market processad is uniform for all
market players. None of the individual market gapnts can influence exogenous
liquidity, although their aggregate activity centigi can. This liquidity risk can be
measured, for example, with the size of the bid-sgkead, the turnover, or the
guantity of buy and sell orders available at thst bevels. On liquid markets the bid-
ask spread is quite stable, and small, while trentjty of the orders available on the
best price level is usually high, and has a stalakie as well. Besides these
characteristics, it can be observed on liquid markenat the turnover is high. In
contrast, on illiquid markets — such as for exanthke emerging markets — the bid-
ask spread is quite variable, and has a highereyahan in case of liquid markets.
Also the quantity of the orders available on theth®ice level is more variable as
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well. Moreover it often happens that there are anfgw orders on the market, and
the turnover is lower than on liquid markets (Banefi al, 1998, p. 4.).

To the contrary, endogenous liquidity can be d#ferfor each of the market
participants. Its value depends on the size opttgtion a market player has on that
given market. Usually the size of the position f@as effect on the endogenous
liquidity risk (Bangia et. al. 1998, p. 4).

The next figure describes the relationship betwbersize of the position, the

endogenous and the exogenous liquidity:

Figure 36: Exogenous and endogenous liquidity risk

Price

Point of endogenous
illiquidity

/
(

Bid

Quote depth Position size

Source: Bangia et al. (1999), p. 5.

Before the appearance of the liquidity adjusted Vafdels, market
participants have taken liquidity risk into accoumtcase of large illiquid positions,
that they have calculated the VaR measure for-aég hoc — longer time period. The
length of the time period was influenced by whatkea participants thought about
the time which was needed to liquidate the wholgitm. In this case the variances
and covariances were not calculated for the whiate tperiod, but for the shorter
time period, and then these values were multighgthe square-root of time (Bangia
et al., 1998). This approach didn't lead to thehtigesult, and caused an over-

estimation in the value of the variance and covaeaDiebold et al., 1998).
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Numerous papers published in the last decade hdjssted conventional
VaR calculation for liquidity risk. This group ofadels is named LAVaR (Liquidity
Adjusted Value at Risk) models, and is usually diad into two large groups: i)
models based on the data of the order book; andnaylels based on optimal
execution. Liquidity adjusted VaR models can behierr split into the subgroups as
seen below:

- Order book based models:
- Models considering exogenous liquidity risk,
- Models considering endogenous liquidity risk,
- Transaction or volume based models.

- Optimal execution based models:
- Stochastic time horizon models,
- Price impact function based models.

In the following | will introduce the models of tHiest group in detail, since
my empirical research will be based on those LAVa®els. | have chosen a model
that is based on the order book, because it hasdventage of not having to estimate
numerous parameters as it is in the case of mdukded on optimal execution
(Stange and Kaserer, 2009b).

1.1. Models considering exogenous liquidity risk

The first LAVaR model was created by Bangia et(#898), which become
the reference point for all later models that eatarL AVaR based on the data of the
order book. This model provided the market withimpde-, and easily applicable
method, which enabled the market participants torporate liquidity risk into the
VaR framework. The model they created is called BD® the literature, after the
authors’ names (AnilBangia Francis X. Diebold, Til Schuermann John D.
Stroughai).

The BDSS model quantifies only the exogenous liggidsk, since it takes
into account only the bid-ask spread. Hence, ia thodel the LAVaR value is the
sum of the conventional VaR and the liquidity rd&¢ermined by the bid-ask spread.

The LAVaR is calculated as follows:
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LAVaR = Pmid, {(1—«3“‘“0)% (§+a‘5)} , (16)

where Pmidis the mid price of the asset at timautjs the logreturng is a pre-
defined percent of the logreturn’s distributiam,is the standard deviation of the

Pask- Pbid

logreturn, S= :
Pmid

, Is the average relative spreadl,is the relative spread’s

standard deviation, while’ is the pre-defined percent of the relative spigad
distribution.

The practical advantage of the BDSS model is thateasy to use, as bid-ask
spread data are available for the market partitgpah various markets. However,
there are also several disadvantages that inspeséarchers to develop further
models in this field. These shortcomings are devid:

1. It assumes the distribution of spreads to be narifila¢ experiences in
practice show that the distribution of the spreiadsot normal, since it is
fat-tailed and more skewed than the normal distidibuas a consequence
of the trends on the markets. In some cases rdésraréound that the
distribution has several modes, which can happerause of regime
switches (Bangia et al. 1998).

It ignores endogenous liquidity risk, hence it urgéimates liquidity risk.

3. It assumes perfect correlation between liquiditgk riand price risk.
According to the model price is the lowest whereagris the largest. This
way the model overestimates risk. Stange and Kag@@09a) give
empirical evidence that this assumption is notemirrOn a theoretical
level, Francios-Heude and Wynandaeale (2001), Adigebnd Benos
(2006) and Jorion (2007) criticize this assumption.

To address the first of the shortcomings of the BDSodel, it could make
sense to use the empirical distribution of the d8#-spread instead of the normal
distribution. The problem with this however is, tthhae would need a long time series
to estimate the distribution, and as a result,tiime series could contain structural
breaks, or have several modes, which should benteke account when calculating
VaR.
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In the literature Ernst, Stange and Kaserer's (20@8del is well-known,
which tries to solve the problem caused by therapsion of the normal distribution.
This model is also based on the bid-ask spreagl thik BDSS model, but in case of
Ernst et al.’s model, the percentile of the disttibn is estimated by the Cornish-
Fisher estimatioft instead the historical estimation. The basic & éstimation is
also the normal distribution, but it takes into @aat the skewness and curtosis of the
distribution. Ernst et al.’s (2008) model give arm@recise result, than the BDSS
model, but the other shortcomings of the BDSS atebeing solved by this model
either.

To handle the endogenous liquidity risk as wek, slolution could be to use a
LAVaR model that incorporates the whole order bdide for example the model of
Francois-Heude and Wynendaele (2001) or Giot andm@ring (2005). | will
introduce these models in more detail in Subchapter

The third critique of the BDSS model, namely thhere is a perfect
correlation between exogenous liquidity risk andceprrisk, could be solved by
estimating the real correlation from real markdada

Models similar to Bangia et al.’s (1998) model ¢@nfound in the Hungarian
literature as well. Radnai and Vonnak (2009) haxarened during the analysis of
Basel Il regulation, the possibility to specifypii@l requirements for those assets
which can be found in a bank’s trading book. Tlapital requirement would serve to
cover the possible losses caused by illiquiditye Blathors have suggested using the
bid-asking spread, since it is a good indicatoligqafidity. According to their opinion
the capital requirement should be a linear functbthe bid-ask spread, or it could
be determined with internal model based on the asisehistorical distribution
(Radnai and Vonnak, 2009, p. 252).

1.2.Models considering endogenous liquidity risk
The most important feature of the models consideandogenous liquidity

risk is that they not only quantify liquidity riskith the bid-ask spread but also with a
guantity weighted spread measure (Stange and Kag&@9b). In other words, they

31 More detailes about the Cornish-Fisher estimagier Jorion, 2007, p. 273.
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take into account that a transaction is not neciégsxecuted at the best price level.
Accordingly, the spread values are weighted with guantities at the given price
levels. These models can incorporate a liquiditasoee, e.g. the BLM or the XLM,

as these give the price of liquidity for a predefirtrade size.

These models give a better result, since they ¢yaekogenous and
endogenous risk as well, and they are a more geamgpaoach than the BDSS model
is.

The first model that dealt with endogenous liqyidisk was elaborated by
Francois-Heude and Wynendaele’s (2001). Their misdehsed on the BDSS model,
with the difference that they used the first fieedls of the order book, not only the
best level. As a result the authors could meashee price impact of different
transaction sizes, in case when the transactibrifited on the first five price levels.
Their model uses intradaily data. In Francois-Heal@ Wynendaele’s (2001) model

the following equation gives the liquidity adjustédR measure:
LAVaR = Pmid, [[1—[1—@} e )] +% sp Q) —S_dQ))} : 17)

where Pmidis the mid price at time tS_p(Q) is the average spread at Q volume,

Sp(Q) is the value of the spread at time t, at Q nwua is a given percent of the
distribution of mid price, and is the standard deviation of th return.

The next important research in this field was iedrrout by Giot and
Gramming (2005). They based their model also oradaty data, but they analyzed
stock portfolios as well. The authors examinedenmpact of an investor buying and
selling a certain amount of stock. This price intpaamely, that what the price will
be for those who give market order, will dependtaactual order book. The authors
have called this measure CRT (cost of round tmg)ich was first introduced by
Irvine et al. (2000). This measure was calculate@ aveighted average spread. Giot
and Gramming (2005) defined the LAVaR as follows:

LAVaR=1- exr{u metq) T A0 meq) ) , (18)
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where rnet(q) is the net returimetq) is the expected net returi is a given
percentile of the net retuth while Omerq) 1S the standard deviation of the net return.

The net return was defined as follows:

Z a1 Nyt _Z b; (N ¢
- n - n

Mettq) =t 01— — ' 12 19
et Pt ’ (19)

where fis the return of the mid price;#;; is the ask/bid price on level i;:ns the
ask/bid volume on level i, and Pmislthe mid price at time t.

The model has two important deficiencies. The fors¢ is that it does not use
the empirical distributions, but t-distribution. dlsecond one is that it does not take
into account the fact, that liquidity can be diéfet on the bid and ask side of the
order book. Stange and Kaserer (2009a) give aisoltdr the first problem, by using
an empirical distribution. These authors have detezd the LAVaR for the daily
XLM database. The researchers have pointed out,ttignot proper to simply ad
liquidity risk to the conventional VaR measure,cgint causes the over-estimation of
the total risk, because we ignore the correlatietwben liquidity- and price risk. A
shortcoming of the model is that it assumes thensgtry of the book, that is, the
transaction costs arising from illiquidity are ebjoa the sell and the buy side.

Qi and Ng (2009) offer a solution for the secondiailency, by estimating
liquidity for both sides of the order book. Naméhey calculate liquidity risk for the
bid and ask side, quantifying it through the VWAM®Igme weighted average price).
They named their model LAIVaR-nak (liquidity adjedtintraday VaR), since they
calculate the VaR intradaily. In their study theyirpied out that it is worth assuming
an asymmetric order book since price movementsnatesymmetric: drops are
always more significant and drastic than priceeases.

In their model Bt(v) and At(v) means the weightegrage price for a given

volume (v) for the bid and ask side for a givenrsperiod.

32 The distribution of the return was assumed to beident-t distribution.
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Z B, tVBlD
t Z VBID
: (20)

Z AI tVASK
t
Z VASK

where v is a given volume, which will be boughtésat time t, and at least the first |

levels of the order is needed to fulfill the tractsan the way, thatvszmm(n)vi,t.

Namely that the volume of the transaction is smadlan the sum of the volumes in
the first i levels of the order book. The indicatam Equation 20 show the immediate
transaction cost of the bid and ask side (Qi and20§9).

Finally, Erwan’s (2001) model is worth mentioning well, in which the
author also develops the BDSS model by using wethhdverage spread. The
interesting thing about the article, that the austmws, that the endogenous liquidity
risk is about the half of the market risk in casellauid stock, so it shouldn’'t be

ignored.
1.3. Transaction or volume based models

| am going to present two models that are not basetthe order book, but are
using past transaction data to estimate liquidgl.rThe major advantage of these
models is that they can be used on markets whem thre no order books. The
models are proposed in Berkowitz (2000a, b) andJeand Potter (2001).

The basic assumption of the LAVaR model of Berkaw2000a, b) is that
liquidity can be estimated by a linear regressmhere the regressor is liquidity,

while the regressand is the transaction price.régeession is the following:

Prats1 = Prmigt TCHON +X o+, (21)

where Rat1 IS the price after the transactidhjs the coefficient of the regression,
which measures liquidity, Ns the number of sold stocks, C is the constans, the

residuum, andy is the effect of the risk factor’s change to thel iice.

98



Liquidity Risk on Stock Markets

This model assumes that the risk factor and theidity are independent,
which means, that the correlation between retuchligiidity is 0. The advantage of
the model, that it is not necessary to know thesolbok to be able to calculate the
LAVaR, so it can be used on markets, where them# any order book. But its
disadvantage is that if we want the estimationhefriegression to provide a reliable
result, we need to have sufficient quantity of tlde data. Berkowitz (2000a, b)
applies his model to intraday data in order to heiveugh data.

Jarrow and Potter (2005) display a model based @fs@ regression. The
difference between their model and the Berkowitzlalas that they only perform the
estimation based on the data from a period of @ntcplar market turmoil. A further
difference is that Jarrow and Potter (2005) doawmutsider other risk factors in their
model therefore they do not have to presume zenelation between liquidity and
return. Moreover, the authors use relative charfgas;e they consider the data of the

previous period, as well. In their case the regoes®oks like the following:

Pra t+
IOQ[ TA'H]:(Urt _%orztj+e(Nt+l_Nt)+st: (22)

I:)TA )t

where u,, is the expected value of the mid price’s returhileve? is the variance of

the mid price’s return.

There is another significant group of order bookdshmodels, the models
based on volume weighted price impact. | would higth the work of Cosandey
(2001). The essential feature of the model, thaitlthor estimates price impact from
volume data. The price is a function of the numieshares traded (N), while the
investors can only trade with a predetermined qtya(@®). So the price is calculated
like: P=Q/N. If we assume that the number of traslealres (N) are constant, then the
mid price will be: Rigt (AN) = Q/(N+AN) = Pnig*(N/(N+AN)). Namely, the price
impact will be the linear function of the tradedlwme. The calculation of the

LAVaR in his model will be the following:

LAVaR(AN) =perg¢r,,
(AN) =p {th_i_ANj, (23)
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where ,perc’ means the percentile from simulatedtriiutions. In Cosandey’s
(2001) model, the change of the mid price and thange of the volume were

modeled together.

1.4. Stochastic time horizon models

There is another group of LAVaR models next to riiedels based on order
book, the models based on optimal execution. Tvpegyof models belong to this
group, the models based on stochastic time horamwhthe models based on price
impact functions. The essence of these models @dwide an optimal execution
strategy for market participants, where the stratiegbuilt on the optimal balance
between the transaction cost of trading and thda obdsdelay caused by not
immediately execution of the transactions. In césemarket participant waits with
the execution she has the chance to face a be#tekeirliquidity, so her transaction
will cause a smaller price impact.

From the models based on stochastic time horizeould like to present two
models, one of them were developed by Lawrence Rwmlginson (1997), and the
other one by Haberle and Persson (2000). The mafdebwrence and Robinson
(1997) is based on the assumption, that the shireertime horizon used in the
calculation of VaR, the more VaR underestimatespihesible losses. So their model
contains the cost of illiquidity and the cost olaje though the authors do not give
the exact calculation of the cost of delay. Thecaeshers give an optimal time-
horizon for the execution of the transaction, whére optimal time-horizon depends
on the volume of the transaction and the markeiidity. The other shortcoming of
the model in addition to the lack of defining tredaulation of costs, that it does not
take into account the time variations of liquid{rancois-Heude and Wynendaele,
2001).

Haberle and Persson (2000) assume that a certapomion of the daily
turnover can be liquidated without notable pricgoatt, but this proportion can be
different for every asset. The value of that certairnover is called price-neutral
value. The authors do not provide any clue how diimate the exact proportion.

They state that the proportion should be definedieaally.
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1.5. Price impact function based models

The other group of the models based on optimal i@t are the models
based on price impact function. Models in this graare made by Jarrow and
Subrahmanyam (1997, 2001), Berkowitz (2000), Hisawa Yamai (2000), Almgren
and Chriss (2000), Almgren (2003), Dubil (2003)p&é&n, Jagannathan and Runkle
(1997), Bertismas and Lo (1998), and Engle andt&eloerg (2007).

The essence of these models, that they assumeartbénorizon to be fixed
under which market participants can liquidate tipesitions. The authors quantify on
the one hand how the market price has changeddltims time-horizon, on the other
hand they ask the question: what would be the @tttrading strategy on this same
time-horizon which would minimize the transactionst of trading caused by
illiquidity.

The most important shortcoming of the models baseaptimal execution,
that they can hardly be used in practice. Thisdea®ral reasons. For example on the
one hand in practice it is usually not always gassio wait with the transaction and
not to execute an order immediately or within shpmtiod of time.. During crisis it
can be especially risky for the market participaotsvait with a transaction. On the
other hand the parameters of the optimization shbel stable in order to realize the
return by postponing the transaction otherwise gassible to achieve a worse return
compared with immediate execution. Thirdly the woymtation depends on the
estimation of several parameters, which are diffituhandle in practice (Stange and
Kaserer, 2009b).

1.6. Testing practical applicability of the models

All the models presented so far have their own eetspe advantages and
disadvantages. A particularly important questiomhat which model works best on
real market data, which provides the best and tbet meliable result. Ernst et al.
(2009) have prepared a study comparing the estinwdtéhe models based on order
book data. | have singled out the following models:

- Models based on endogenous liquidity risk:
= Stange and Kaserer (2009)
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= Giot and Gramming (2005)

» Francois-Heude and Van Wynendaele (2001)
- Models based on exogenous liquidity risk:

= Ernst et al. (2008)

= BDSS (1999)
- Models based on transaction

= Berkowitz (2000)
- Models base on volume

= Cosandey (2005)

The various models were tested by Ernst et al. QR0d real market daily
data from the July 2002 —December 2007 time pefibé. authors studied the returns
and the risks predicted by the various models. mutiheir test they assumed that the
positions must be liquidated immediately at thevpileng order book.

In the test the authors compared the experiencéatnee with the risk
forecasted by the different models. LAVaR has bestimated with a 99%
confidence interval, which means that the realimtdrns may have exceeded the
value estimated by the model in 1% of total ocawes (Ernst et al., 2009). Figure
37 shows the acceptance ratios of the models, yathelpercentage in which the

models were able to properly forecast the stodkk’ r

Figure 37: Ranking of LAVaR models

Ranking of LAVaR models
100%
_ 90%
= g6 | % 7%
S 70%
S 40% - 32%
S 30% - 16% 15%
< 20% 10%
0/
e [1 M =™
o (@] —_ > b ' . N
&3 S c © () b 2 =
o N R®EFZ ©8 EAY - 8%c 28
of OEO o S S 0 cs8 <o
cS pgEv 2 8« 0 S o o N
»g © O © a +Tt o
X

Source: Ernst et al. 2009, p. 13.
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The results of Ernst et al. (2009) demonstrate ttii@ade models produced the
best results in terms of predicting which have takedogenous liquidity risk into
account. These models significantly overperfornfeddthers?

Summing it up it can be stated that amongst therobdok based LAVaR
models, the ones utilizing a liquidity measure, lrsas the XLM, give the best
forecasts. Accordingly, | will build a LAVaR modé&h the empirical part of my
dissertation which incorporates endogenous liquidgk as well. The basis of my
model will be the work of Giot and Gramming (200&)d Stange and Kaserer
(2009a). The difference will be that I will buildon a Hungarian database for single

stocks and for different stock portfolios.

33 For more results see Ernst et al. (2009).
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2. Empirical research: building an own LAVaR model

Besides the statistical analysis of BLM | will kaii& theoretical model in my
dissertation. With the aid of this theoretical miatie possible loss caused by the lack
of liquidity is easily quantifiable. With building LAVaR model | would like to show
a possible application of the BLM, which is oneitsf most promising applications.
Accordingly in this chapter | will introduce a liglity adjusted VaR model for single

securities and for stock portfolios. My hypothesésbe the following:

H3: Market risk can be underestimated at least by % even for liquid
stocks at the order size of EUR 20,000 on the Budaegt Stock Exchange, if

we do not take the liquidity risk into consideratian.®*

H4: In case of stock portfolios not only price riskbut liquidity risk can be

diversified.

2.1.Research method

The work of Giot and Gramming (2005), Stange anddfar (2009a) were the
starting point of my own model, who made their medkeased on XLM type
measures.

The technical tools | have used to estimate LAVa&teanthe same for single
stocks and for stock portfolios. The differenceha analysis is that for portfolios it is
not sufficient to know the BLM values at five diféat order sizes (20, 40, 100, 200,
and 500 thousand Euros), since in this case notalue but the quantity of the stocks
is fixed. Accordingly, we must have BLM figures fall “g”-s. This can be carried
out in two simple ways: 1) to use linear interpoiatbased on the available BLM
data for each day, or 2) to use a linear regression

In my modeling | have taken the second approacitesi will use the same
approach during the estimation of the price imganttion in the fourth chapter of

my dissertation. Obviously, this is a serious sifigaltion, but based on the available

341 have chosen 20,000 EUR, because this was th#esmavailable transaction size, on which the
BSE calculates the BLM.
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data, it is appropriate for a first approximatikimear regression is a practical, easy
to use method, and qualitative consequences catyse drawn from the analysis.
Furthermore daily BLM data can be well approximatgda straight line.

In my dissertation | have calculated the convemticand also the liquidity
adjusted VaR, in order to be able to compare thiermorder to account for the
clustering volatility of returns and net returnshdve fitted an AR(1)-GARCH(1,1)
model, where | have used t-distribution. The sansked to estimate the model was
the first 2.5 years {1January, 2007-15July 2009), while the last year (1&uly
2009-16" July 2010) was used as a control period. | caledlahe daily 95% and
99% VaR using forecasts from the GARCH model. Iduaeolling window of 2.5
years to continuously re-estimate the GARCH madel,| have estimated a GARCH
model for the first 2.5 years and have made a &stefor the next year, and then |
have repeated the procedure while rolling the sarpgfiod with one day.

The test of the correction of the risk forecasés done in the following way:
the predicted VaR values for both net and normairns were compared to the
corresponding values of the control period and eogli exceedance frequencies
were calculated. Then the significance of deviafimm the theoretical frequencies
was determined statistically using the LikelihoodtiR Test of Kupiec (1995). The
test is the following. LeN, denote the number of days when the net returnseebec
the forecasted LAVaR values, ahdthe number of days in the sample. Then the
empirical exceedance frequencyNgN, and leta denote the theoretical frequency.

The test statistics using this notation is theolelhg:

N-N, N,
LR = —2|n((1—a)N‘Nu o )+ 2'”{(1_%J [EN%] ] (24)

Under the null-hypothesis dfl;: a = Ny/N the test statistic is chi-squared
distributed with one degree of freedom. | usedtést uniformly on confidence level
of 95%, thusHy was accepted if LR 3.84. This test will reject the model if the
empirical exceedance frequency is significantlyobethe theoretical value (model

overestimates risk) or significantly above (modaiierestimates risk).
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2.2.Value-at-Risk calculation

The starting point of a LAVaR model is a convendéibmalue at risk (VaR)
calculation frequently used in everyday risk mamagyet. VaR calculation can be
carried out according to the following formulaer, tbe returns (Equation 25) and the

prices (Equation 26):

oAt _ .ot _
VaRreturn - rt - Ut+At + 0t+Atql—O( ’ (25)

t
mid

t+At
where returns are considered on continuous timzdvrthusr = In[ il ] T

is the expected value of the returnAntime, o,,, is the standard deviation of the

estimation, andy,_, is the 1 -a-th quantile of a chosen distribution.

VaR“ At — I:)rtmd Prﬁl:(:tmexdra At) =1- exp( a At)’

(26)

where PL,, is the mid price at time t, while.{ =p!, Dexp(r ) , for example,

VaR®"*19= 504 then with 95% probability the loss in one dase to the change in
mid price will not be larger than 5% (Jorion, 2007)

2.3.Liquidity adjusted returns

The basic idea of a LAVaR model is to incorpordie liquidity measure into

the returns, and to determine the VaR value bardgHase new returns, as follows:

LAVaR**(q) = 1-expr &2 (a). 27)

actualt

where r;"cﬁfa,t (Q) is the net return including the BLM figure, thudoaling for the

implicit costs of trading at a givery;, sized trade (Stange and Kaserer, 2009a). The

net returns in Equation 27 is not given by Stanu Kaserer (2009a) in detail during

106



Liquidity Risk on Stock Markets

the calculation of LAVaR, they just introduce thesults. According to this in
Subchapter 2.3.1 | show broadly how | determinddetern for a single stock, which
is my own result. Beyond Stange and Kaserer’'s (@D®8rk | also determine in
Subchapters 2.3.2 and 2.3.3 the net return of tifferent stock portfolios, to an
equal volume stock (EVS) portfolio and for equalueastock portfolios as well,

which is also my own result.
2.3.1.Determining the return for a single stock

For a single stock the return taking only the pris& into account at a given

“V' trade size is as follows:

Prias IV Q¢
rhypothethi:c =In ' =In ) (28)
{ Prig,t-1 IV Q-1

where fypothethic denotes the return one would realize if tradinthwhe asset were

possible at the mid price. Accordingly,,,, ¥ and gstand for the value we were to

get for selling y” quantity of stock, if they were traded at the npidce.P_ ., ¥

and g, denotes the same but a period earlier.
One must take the implicit cost of trading into siokeration to calculate the
net oractual return For this, first based on Equation 29 the weigraedrage price

should be determined:

b,V
bdv):@l (29)

where R(Vv) is the weighted average price on the bid sidhe book for a giveny;
quantity, lp; is the price in the order book at level k at tinehile \ is the quantity
available at levek of the order book at timeand ,v’ is the total quantity to be
traded.

The total proceeding from selling a stock at timis b,(v)v. This can be

expressed as follows:
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bt(V)H/ZQ?etZQt [ﬁl_MJ, (30)

where g stands for the value we get when selling the stoakdq, is the value we

would get if we were able to trade at the mid priCleis latter must be adjusted for
the transaction cost stemming from illiquidity, whiis represented by the BLM.
During the adjustment | take only half of the BLBInce the BLM represents the
implicit transaction costs of turning around a piosi at the same time. By doing this
| implicitly assume that the bid and the ask sidiessymmetric. This assumption can
be released, although presuming symmetry for deirgl data is not a substantive
restriction.

Based on the above, the actual return is to berrdeted by the following
formula:

net net
Factuar = IN bt(V)D/ =In % =1In e ]—qt =
Pria,t-1 LV Udia i Ot

a [ﬁl_BLM(qt)

2 j P id.t BLM (g
BNl =In| 1- 2( t) +rhypothethd:

(31)

=In

d¢ Prid,t-1

The actual return has been split into two compaethie first showing the

(0 BLM(g) . »
effect of illiquidity: In| 1 L the second is the return one was to realize if

trading at mid price were possiblgypbtnethic
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2.3.2.Determining returns of an equal volume stock portftio

The return of a portfolio consisting of “n” numbef stocks is calculated

similarly to the return of a single stock. Thislswowed by Equation 32:

Z mid.t LV ZCIt
rhypothetht [Z P i B/ th . (32)

During my analysis | calculate an EM&qual Volume Stockportfolio’s
returns. This is a portfolio comprising of the saameount of each stock, thatvs =
V.

For calculating the actual returns | need the valuthe portfolio at different
times:

« The value of the portfolio at time t if there patfe liquidity:

N
qut =y =ZVi Pria =VDZPr'nid,t ;
i=1
« The proceedings from selling the portfolio at tilneonsidering transaction

ne i BLM{g! ).
costs arising from illiquidity:af® => b, (v;); => [ﬁl_ 2(%)],

- The value of the portfolio at the previous period®id price:

Z Phig.-1 Vi =V DZ Phid,1 -

Determining the three values above is necessarguasg the calculation of
the portfolio’s return | will once again split tlmeturn into two components: the first
coming from illiquidity, the second arising frometlthange in mid price. In order to
determine the return from illiquidity | need thdwaof the portfolio with and without
transaction costs. For the return from the changaid price | need the value of the
portfolio at time t and in the previous period, goped that there is no loss from

illiquidity. I arrive at the following actual retar
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Factual = IN —z pt (Vi)wi = In(ﬂ] = In(ﬁj + In[i] =
Z Pria,t-1 Vi Oi-1 G Qi1

L | e s
mid,t
’ '”[V D) Fj;nid,t—lJ - VD Pria * fhypothete =

%

s 24

Pi _ + rhypothetht
mid, t

=In

(33)

In the above | took advantage of the fact thatedduBVS type portfolios, and
therefore, | could simplify with ,,v”. Naturally, thabove formula can be used for non
EVS type portfolios, but then ;¥s will not let us to simplify the equation. Ingh
next subchapter | show how the return calculatisanges if | want to determine the

LAVaR value for value weighted portfolios.
2.3.3.Determining returns of an equal value stock portfalo
In case of the equal value stock portfolio | assuimg the value of the
portfolio is constant for the whole period, for exale EUR 20,000. | will sign the fix

value proportion of each stock with.wAccording to this | will define the value of the
portfolio (Gortroiio) @s follows:

n n
A" portiolio = ZWi (@)} = ZWi Pria,i Vi (34)
- =

I will be able to define the number of stock | ngechave in my portfolio in
order to have the required value of each one ofstbeks. To determine will be

determined as follows:

110



Liquidity Risk on Stock Markets

g =w g - vi‘=WLm (35)

mid

The calculation of net return will be the sametawas in case of the equal
volume portfolio, the difference will be, that tinember of the stocks will change
from time to time as the mid price changes, in ptdekeep the same value of each
stock. This is the reason why | have used the gssom that the value of the

portfolio is the same every time. The return weél the following:

net net
r =In Zbﬂt(vi)wi —in| L | 2yl Jeed +In(qt+lJ:
actual t
meid’i lj/i qt qt +1 q'[

cenf B(a™)
2| q; kf
t+1
=In t+1 *n It rtmd’l -
a 2Vi Prid i
o o)
Y| vi Prig; 01—~
? yviptrl 36
=In +In '~ mid,i ( )
t i+t t b
zvi EIPmid,i Vi g

After determining returns, the data should be updated, in order to keep the
w; weights of the portfolio for the t+1-th period. i$hcan be done according to
Equation 35.

Besides the LAVaR values | will also determine ub&hapter 2.4 the relative

liquidity impact, while in Subchapter 2.5, | wilhew the diversification effect of
liquidity risk.
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2.4.Relative liquidity impact

The LAVaR measure represents the total marketthiakincludes both price
risk and liquidity risk. Identifying the share afidity risk within the LAVaR is
easily performed using Equation 37:

LAVaR ™ (3" g; )-var* (3 q )

Ma)= VaR"# (S 7q,)

(37)

In the literaturex(q) is named relative liquidity impact or relative digity

measure (Giot — Gramming, 2005). This measure stibezsnaximum loss due to
illiquidity at a given confidence level for a préaed time period. During my
calculations | will determine this indicator as ek both single stocks and for stock
portfolios. In case of the stock portfolios | wéllso determine the value of liquidity
risk diversification, which to the best of my kn@abe no one before me has done

with this method. | show the calculation in Subdeap.5.
2.5. Diversification

In case of portfolios it is an important questiohether the liquidity risk can
be diversified. | have determined the Equation 3®-ene has used this before me as
per the literature —, which shows whether liquidisk can be decreased in case of

portfolios. Equation 38 will help us to addresstissue.

(Z LAVaR® (g, ) - LAVaR ™4 Z g (Z Var® (g;)-var** (3 g, )
(ZV&RG At —\VaRAt ( q ))

(38)

They(q) shows the additional effect of diversification, apercentage of the
price diversification impact of portfolios, if weonsider illiquidity. Namely, the

(ZLAVaR“ “(g;)-LAVaR™ A‘( a; » formula gives us the difference between LAVaR

values (at a given confidence level and for a diedd time period) for single stocks
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added together and for portfolios. TI@VaR“'A‘ (qi)—VaR“'At( qi)) formula uses

the same logic for conventional the VaR measure. aAsesult, Equation 38
demonstrates the diversification effect as a peagenof the price diversification
impact.

2.6.Results
2.6.1.Single stocks

I will show the LAVaR calculation for the four u#chip stocks of the
Budapest Stock Exchange, to the OTP, Mol, RichterMTelekom.

Figure 38: The conventional and liquidity adjustedvVaR forecasts, compared to the actual
returns on the transaction size of EUR 20,000
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In Figures 38 and 39, | plotted the VaR forecastd normal returns for the
final year and the different stocks. | plotted btlle LAVaR and the conventional
VaR values in order to be able to make comparisahta see the difference between
the two.

On Figure 38 | show the 95%, one day VaR estwnatior order size of EUR
20,000, while Figure 39 shows the same for EUR @ID,(1 denotes the 20,000,
while 4 denotes 200,000). On both figures the nusbe the horizontal axis show
the time of the forecast (e.g. 650 means the fatefoa the 650 trading day from
01.01.2007.), while the numbers on the verticas axe the percentage values.

Figure 39: The conventional and liquidity adjustedvaR forecasts, compared to the actual
returns on the transaction size of EUR 200,000
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As it can be seen in Figure 38, in the case oP @fere is no significant
difference in the conventional and LAVaR valuesjclhexactly indicates that OTP
is a very liquid stock, its liquidity risk is lowin case of Mol and MTelekom the
situation is quite the same, though there is k ldifference between the two VaR
values. The difference is the largest in case efRIchter. In this case even for the
smallest order size, there is clearly a visibléetlidnce between the two forecasts, and
this increases drastically if we move to the lamyeier sizes.

The difference between the four bluechip stosksore visible if we analyze
the VaR measures on higher order sizes, for examplEUR 200,000, as it is shown
in Figure 39. The difference between OTP and theetlbther stocks increase notably.
This means, that Mol, Richter and MTelekom are legsgd, than OTP, so they have
a higher liquidity risk.

During the test of exceedances for OTP and MTetekoth the conventional
and LAVaR forecasts work properly, the empiricalues do not differ significantly
from the theoretical 5%. This means that in the adsOTP and MTelekom by taking
liquidity into account we do not lessen the accyrat forecasts. For Richter the
situation is similar, only 99% LAVaRs for 100 and(2order size are inaccurate, this
is probably due to the mentioned calculation pnobtg BLM. In the case of MOL
both the 99% traditional VaR and LAVaR values araccurate, we get too strict
forecasts — instead of the expected 1% exceedhaoe d@re in fact no exceedances at
all. This is probably due to the used sample asntains the entire period of the 2008
crisis.

To illustrate the difference between the convergioand LAVaR better, |

looked at the time series of thd(q) relative liquidity measure, defined in

Subchapter 2.4, for the different stocks. In thguFé 40, theA(20) and A(200)

measures are plotted simultaneously. These figsinesv the percentage difference
between the forecasts of the previous figures lfitrézontal axis shows the time of
the forecast, the vertical axis shows the valuthn@imeasure).

Based on the relative liquidity measure, it carstaged, that with the increase
of the transaction size, the liquidity risk is ieasing as well. This is quite clear, since

the liquidation of a bigger positions have greatest as well.
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Figure 40: Time series of the\(q) indicator

094 24

.08 20

07
.06
.05

.04 .08 4

007 T T T T T T T T T T
o B50 675 700 725 750 775 800 825 850 875
650 675 700 725 750 775 800 825 850 875

03

.02

&

— MOL_LAMBDA_95_1 —— MOL_LAMBDA_95 4

— OTP_LAMBDA 95 1 — OTP_LAMBDA 95 4

: N
.OS-M MWﬂWW
04 _— 0

650 675 700 725 750 775 800 825 850 875 650 675 700 725 750 775 800 825 850 875
‘—RICHTER_LAMBDA_QS_1 —RICHTER_LAMBDA_QS_i!‘ |—MTELEKOM_LAMBDA_95_1 — MTELEKOM_LAMBDA_95_4

Source: proprietary

In case of the OTP if we examine the valuesAdf)) we see that for the

smallest order size liquidity risk is always abd, but can be up to 4%, while for

the order size of EUR 200 thousand liquidity riskalways above 3% and can go up
to as high as 9%. This is the added risk we igifore concentrate only on mid price

risk. While these values may not be very large,siveuld bear in mind that OTP is

(one of) the most liquid stock(s) at BSE.

In case of the Richter, liquidity risk is signifitily greater, even for the
smallest order size it is always above 4%, butnofesaches 8%, while for the order
size of EUR 200 thousand it is mainly above 20%is Tdacks up numerically our
previous conclusion from Figure 38 and Figure 3& tRichter is much less liquid
than OTP and it has significant liquidity risk. éase of Mol and MTelekom | can
conclude the same.

In Figure 41 the relative liquidity measures of thajor Hungarian stocks are

compared for the smallest order size.
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Figure 41: Time series ofA(q) in case of OTP, MOL
and Richter
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The liquidity ranking of OTP-MOL-Richter is clearlisible, as expected.
The significant difference among them, however,wghtohat only OTP is a really
liquid stock at BSE.

It is worth looking at the average values of theowab relative liquidity
measures for the different stocks and order sikalsle 15 summarizes these values.
The average values clearly show the liquidity ragkof the stocks. OTP proves to be

the most liquid again (has the smallest liquidisk by far).

Table 15:A(q) values for different stocks for different order sizes

95% | OTP | MOL |Richter|MTelekom|99% | OTP | MOL |Richter | MTelekom
20 | 2.03% 4.61% | 7.54% 8.46% 20 1.25%8.07% | 4.65% 4.78%
40 | 2.419% 5.76% | 9.57% 11.29% 40 1.4798.90% | 6.40% 6.38%
100 | 3.36% 8.91% | 15.71% 18.78% | 100 2.03%6.25% | 11.33% 10.71%
200 | 4.72% 13.86% 26.29%| 31.98% | 200| 2.83%10.03% 18.00%| 18.49%
500 | 8.40% 29.75% 91.74%| 133.52% | 500 5.04%22.24%] 60.73%| 97.43%

Source: proprietary, Gyarmati et al. (2010b), .53

In the table above the methodological error of BleM appears; | get
unrealistic values for Richter and MTelekom (evbowe 100%!) for the largest order
size. This phenomenon is the consequence of ther babk not being deep enough,

i.e. total limit orders in the book do not reachREB00 thousand on average, thus

| didn't show MTelekom'’s relative liquidity measyrsince it is quite similar to Richter’s.
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orders of this size could not be executed in ngdthis means that there should be
‘infinite’ or ‘n.a.” in the table).
As a conclusion | can say that the above resuttgvghat liquidity risk is not

irrelevant, it is highly advised to take it intocacint when calculating VaR measures.

2.6.2.Portfolios

| have calculated LAVaR and conventional VaR faurfdifferent portfolios.
The four portfolios are the following:

1. 1,000 — 1,000 Egis and Richter. The aim of thistfpbo is to assess the
behavior of LAVaR for portfolios of the same indystMoreover, | wanted
see whether liquidity risk can or cannot be diviezdiwithin an industry.

2. 1,000 - 1,000 OTP and MOL. In case of the two mqstd stock on the BSE
my objective was the same: is there room for difygrsgy illiquidity? | wanted
to see if the liquidity of the two stocks behave same way, or not, and
liquidity risk can indeed be mitigated by constmgtportfolios.

3. 1,000 — 1,000 each from the blue chips of the BSEP, MOL, Richter and
MTelekom. | had the same objective as for the OT®Moortfolio, but |
broadened my analysis.

4. 1,000 — 1,000 OTP and Fotex. The aim was to shaw ltquidity risk is
significantly mitigated if 1 couple an illiquid st& with a liquid one into a
portfolio. For OTP and Fotex | have also examinedam@er portfolio’s
LAVaR, consisting of 100,000 stocks each.

The different VaR and LAVaR values were calculad¢d 95% significance
level and for a one day time period. The resulesslrown in Figure 42, where the
horizontal axis is the same as it was in the cdsengle stocks, namely the number
of days passed since® 1January, 2007. The vertical axis shows the VaR
(,eqgis_richter_var 95 N”) the LAVaR (ggis_richter_var 95 and the actual

returns {return_actual”) as a function of time.
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Figure 42: The conventional and liquidity adjustedvVaR forecasts, compared to the actual
returns in case of equal volume stock portfolios
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Since each of the different portfolios includedD{L,000 stocks, they have
different values, hence the different figures cdnhe compared to each other
directly. As we can see in Figure 42 the liquiditijusted VaR values are higher than
conventional VaR values for each of the portfolios.

The additional risk of illiquidity quantified by(q) is shown in Table 16.
These figures, however, cannot be compared to ediohr directly due to the

different portfolio values, as mentioned earlier.
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Table 16:A(q) values

Portfolio Vi A(Q)
Egis — Richter 1,000 40.6%
Bluechipek 1,000 21.3%
OTP — MOL 1,000 7.7%
OTP — Fotex 1,000 3.2%

Source: proprietary

TheA(q) value shows that for a portfolio of for examfl€00 Egis and 1,000
Richter shares, the additional risk is 40.6%, whiah ignore if we calculate only
price risk.

In case of stock portfolios besides the relativguitlity impact | have

quantified the diversification effect, so | havetatenined they(q) figures, listed in

Table 17.
Table 17:y(q) values
Portfolio Vi ()
Egis — Richter 1,000 58.24%
Bluechipek 1,000 4.80%
OTP — MOL 1,000 2.52%
OTP — Fotex 100,000336.07%

Source: proprietary

Based on Table 17 | state that significant diveraifon is possible by
forming portfolios. In case of companies operaimghe same industry, such as Egis
and Richter, the diversification impact for a polts of 1,000-1,000 shares,
respectively, is 58.24% larger if we account foqulidity risk. For bluechips and the
OTP-MOL portfolios the diversification impact of msidering illiquidity is not as
remarkable. This is due to the fact that they h&im@lar and also relatively the best
liquidity. These results, however, cannot dire¢iy compared to each other due to
the portfolios being volume weighted. The last rofithe table shows a portfolio of
much larger number of elements, a portfolio of ©00;100,000 OTP and Fotex,
respectively. In this case, as was expected, thergification impact of accounting
for illiquidity is huge: 336.07%.

| have determined the LAVaR values for value weaghportfolios as well. |
have chosen two portfolios, in which the weightha stocks was 50-50%. The value
of the total portfolio was fixed during the wholme. The results are shown in Figure
43:
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Table 43: The conventional and liquidity adjusted \AR forecasts, compared to the actual returns
in case of equal value stock portfolios
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The advantage of the value weighted portfoliot tha different portfolios are
comparable, since their value is the same.

In case of the OTP-FHB portfolio, the valueXdfy), namely the risk we do
not take into account if we are calculating onlgoaventional VaR is 21.14%, while
in case of OTP-FOTEX it ix(q) = 20.46%-kal.

2.7.Conclusion

In this chapter | have shown how to make liquiditjjusted value at risk
model. | have deducted how to define net returm(sd the returns caused by mid
price change and illiquidity), which is the basistibe LAVaR calculation. | have
pointed out that taking liquidity risk into consrdéon causes a significant increase in
risk even in the case of the most liquid stockss Teans that liquidity risk shouldn’t
be ignored either in case of single stocks, ohendase of stock portfolios.

BLM and the method built upon it provide a simpielajuick way to display
liquidity in the capital requirement. Paying atient to the deficiencies and
calculation problems of the index, the findingswdddoe handled with precaution, but
the presented model can appropriately reflect gwemial empirical observations
(e.g. OTP is the most liquid stock), thus in eveage | recommend its integration
into risk management systems. Based on the resuksm | cannot reject the H3
hypothesis.
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H3: Market risk can be underestimated at least by % even for liquid
stocks at the order size of EUR 20,000 on the Budegt Stock Exchange, if

we do not take the liquidity risk into consideratia.
In case of portfolios liquidity risk can be divdisd. It worth to have more
stocks in the portfolio, since not only the pricgky but liquidity risk can be reduced

by diversification. Based on this | cannot rejedt i/pothesis.

H4: In case of stock portfolios not only price riskbut liquidity risk can be

diversified.
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IV. Virtual price impact function

1. Literature of the price impact functions

One of the most important concepts of market ligyi the price impact (or
market impact), and the price impact function (arket impact function). Despite
the fact that the analysis and modeling of the eprimpact function is getting
discussed wider nowadays, in the literature of malikuidity only a few pieces of
research have analyzed the value of transactionsé pmpact, i.e. the additional
costs which cannot be paid as an explicit cost g- brokerage fees, different

exchange fees, etc — of trading. In subchaptel ihttoduce these results.
1.1.Value of price impact based on empirical research

Before introducing the literature of the price imapdunctions, it is worth
analyzing the price impact of transactions on tlzeket. One prominent study of the
field is prepared by Torre and Ferrari (1999). Tdugthors estimated the total
transaction costs of trading with the stocks of @& 500 index. The authors have
estimated the transaction cost to be 25 cents bynaag buying and selling of
10,000 pieces of stocks with a median mid pricel@® dollars. Torre and Ferrari
(1999) estimated that the composition of this 2& ¢ built up as follows: execution
costs 5 cents, while the remaining 20 cents camadoeunted for as price impact.
From these 20 cents, 7 cents cover the half obitiask spread, while the adverse
price movement is responsible for 13 cents. lteimarkable, that the adverse price
movement equals the half of the total transactast.c

According to the data of ITG Global Trading CostvRRay, in the last five
years the average transaction cost of Americanocations with high capitalization
was 23 basispoints (bps). From this amount 9 bpe We fees, while 12 bps were
the straightforward consequence of the price imffeetraris, 2008).

The above examples show that the largest part efttdinsaction costs is
caused by the price impact. The examples explibitjlight that the price impact is

indeed important and that market participant shdaaddaware of this fact. Had they
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take the price impact into account during tradihgy could save substantial amounts

of money.

1.2.Virtual and empirical price impact functions

Market participants can get information about thegimpact from the price
impact functions. These price impact functions slhiogvexpected relative price-shift
caused by a particular order. Knowing the priceaotps essential for the market
participants, since they can predict the price hgancerning their orders in the
future, i.e. the expected additional cost causegiige shift; or they can build a
dynamic portfolio optimization by creating a traglialgorithm based on the function.

There are two different price impact functions, thtual and the empirical
price impact functions. Theirtual price impact function (vPIFshows that if we
want to fulfill the transaction immediately, whabwd be the difference between the
last price level in the order book, on which oul@rhas been realized, and the actual
mid price in the time the order was given. In thése it is called marginal price
impact, which can be valuated according to Equaii@&n

t

Pricelevelof thelastorder P
VPIF(Q) = ——— ——-1=—2L_-1 (3g)
Mid pricein thesecondheorder wagjiven Pridprice

The function shows the marginal price impact ofiammediate execution
(Bouchaud et al., 2008; Bouchaud, 2010a; Gabaak ,€2003).

Besides marginal price impact one can define aadinbrice impact function,
which gives the average price impact of the ordée calculation of the average
price can be carried out with the aid of the ordleok. In this case we calculate the

ratio of the average price to the actual mid pooghe market.

, P!
VPIF(Q) = — Ayerageprlceof theorder = ?:/frage -1 (40)
Mid pricein thesecondheorder wagiven Pridprice
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The average price impact is a crucial informationthe market participants,
since it gives them the implicit cost of tradingnmely the transaction cost which they
have to pay because of illiquidity.

A third kind of virtual price impact can be calcidd as well, namely by the
guantifying how the mid price has changed duringramsaction. To be able to
calculate it, we have to define the mid price befand after the transaction. The mid
price can be determined based on the order bookelyat will be the half of the sum

of the best bid and best ask price. The price imywédtbe the following in this case:

' ' : pt.
VPIF(q) = — Mld !orlceafter thetransac@n = T_lcljpnce -1
Mid pricein thesecondheorderis given Pridprice

The vPIF won't give us the actual values of the@impact, it gives us only
the answer to the question what would be the makgithe average-, or the real price
impact if we like to carry out a transaction imnadly. The name ‘virtual price
impact function’ stems from this fact. If a marlgtayer assumes on the basis of the
virtual price impact function, that the plannednsaction would change the market
price notably, than most probably he does not hddransaction to the order book in
one amount. Instead, he splits the order into #&td submits the order when he
considers the price impact to be smaller. Accolgintpe virtual price impact, shown
by the function only occurs, if the market playedeed submits the market order and
it is executed immediately.

Virtual price impact function can easily be estiethfrom the actual order
book, since it can show a stock’s liquidity at diffnt order sizes. To make it easier to
understand the definition of the virtual price impé&inction, | show the calculation
of the different price impacts in simple numerieabmple. To be able to calculate the
price impacts, it is necessary to know the actudéiobook. In this case a fictional

order book will represent it, as it can be seehahle 18:
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Table 18: A fictional stock’s order book

Order book
Bidsize |[Bidprice | Askprice | Asksize
300 9980 9990 200
622] 9970 10 000} 300
400 9960 10 010 220
721] 9950 10 020 200
1200[ 9940 10 030 100

Source: proprietary

Let's assume that a given investor would like ty Ibioe fictional stock for
HUF 7,000,000. The order of the investor is exetate the first three price levels of
the order book. On the first level he can buy 2@@ks for the price of HUF 9,900.
On the second level he can buy another 300 stackidWF 10,000 each. After this,
he has HUF 2,002,000 left to buy stocks on thedtpnice level, for HUF 10,010
each. This means, that he can buy another 200 sstdckave summarized the

elements of the executed buy order in Table 19:

Table 19: Execution of a buy order

Buy order Number | Price | Value (HUF)
Executed on the first level 200 9,9001,998,000
Executed on the second level 300 10,003,000,000
Executed on the third level 200 10,0102,002,000
Sum 700 7,000,000

Source: proprietary

At the time, when the order was given, the mid eoneas HUF 9,985, since
this is the arithmetic average of the best bid asidprice. In this numerical example
the marginal price impact can be calculated acogrth Equation 42, which is based
on Equation 39. To be able to calculate the malginee impact one has to know the
last price level, where the order was executedth®amarginal price impact will be

the ratio of this price and the mid price in them® the order was given.

t
vPIF(g) = —est 1= 100101 5o (42)
I:)midprice 9985
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This result means, that if an investor wants to stagks for HUF 7,000,000,
then according to the actual order book, the nedafirice change of his order will
cause 0.25% marginal price impact.

Based on the order book, it is easy to calculageaterage price impact as
well, since it can be seen that how many stocksbeaaexecuted on each price level.
The average price impact can be calculated assihasvn in Equation 43, which is
based on Equation 40. The volume weighted average gan be found in the

numerator, while in the denominator we can seenfteprice at the time the order

was given.
t 20009990+ 300010000+ 200010010
P
VPIF(g) = —2verade _p = 97%’5 -1=015% (43
I:)midprice

This result means, that if an investor wants to siogks for HUF 7,000,000,
then according to the actual order book, the nadafirice change of his order will
cause 0.15% average price impact.

In order to be able to define the price impacthef inid price change, we need
to define the mid prices. After the executed HUB0®D,000 buy order — if we assume
that no other orders were executed in the meanwhitbe mid price became HUF
9.995, which is the average of the best bid, nartredyHUF 9,980 and the best ask,
the HUF 10,010 order in the order book. The promt price when the order was
given was HUF 9,985, so the real price impact ballas it is shown in Equation 44.

Pridpri 9995
VPIF — midprice 1=
@ prl 9985

midprice

-1=010% (44)

The investor's HUF 7,000,000 buy order has incréabe mid price with
0.10%, so this was the price impact of the buy orde

In contrast, theempirical price impact functiofePIF) shows the actual price
impact that can be measured from real transactata. dNamely the previous three
numerical examples show the price impact in caseotlders are given immediately.

But this price impact will not necessarily occurtive market, it will depend on the
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investor’'s decision, whether to submit the ordemexdiately, or rather wait and
submit it only later. The empirical price impachétion cannot be estimated from the
order book, only from real trading data. From reatle data only the change of the

mid price can be seen, so only the following pimpact can be defined:

I _ o
ePIF{) = — Mld !orlceafter thetransact?n = T_lcljpnce _ )
Mid pricein thesecondheorderis given Pridorice

From the trading data one cannot quantify the @eefaice, since only the
mid price is included in the trading data, so ihmmat be seen, that what were the
prices on which the certain parts of the order be€ein executed. The only thing one
can see is the mid price before and after the amdsrsubmitted.

Empirical price impact function can be estimatednfrpast trade, which
means that the order book cannot be used, ratletréides and quotes (TAQ)
database. TAQ database contains the informatiadheoinid prices. In the previous
numerical example Equation 41 shows the empiricedepimpact in the case the
order is in reality submitted. One of the main eliénces between the empirical and
virtual price impacts is that the empirical priampiact function is never being
estimated only from one single order on each osiee, but from the average of
single or aggregated transactions through a lomggiod. In case of single
transactions, the professionals estimate how amroofi a certain value/volume
changes the mid price on average during a longaoghdike e.g. a year. In the case
of aggregated transactions, the estimation is tke llbiit more complicated. The
aggregation can be done by time (e.g. order irva fininute interval) or by order
numbers (e.g. 20 consecutive orders). After thigregption they calculate the
average mid price change on different order sipesaflonger period (e.g. a year).
Analyst can calculate the price impact in casehefuirtual and empirical PIF as well
in the function of the volume (number) or in thendtion of the total value (EUR,
HUF, etc.).

In sum the most important difference between thual and empirical price
impact function is, that the virtual price impaanttion can be estimated from the
actual order book, and one can estimate the imreediarginal/average price impact,

or the impact for the mid price change. Therefanetlee one hand the virtual price
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impact can be calculated for every second. On therchand, the empirical price
impact can be estimated for executed orders, alydf@nthe mid price change, since
in the TAQ database which contains trading data aaresee only that information
regarding the change in mid price. Moreover thé~et@lnnot be estimated for every
second, since it shows the average price impaet lohger period, so it cannot be
used for time-series analysis.

In my empirical research | will estimate a virtymice impact function, so |
think it is important to show the estimation of thmction in more details in a full
chapter. Related to this, I will introduce a newoept, namely the marginal supply-

demand curve, which shows the actual state of rither doook.

1.3.Marginal supply-demand curve

Marginal Supply-Demand Curve (MSDC) is an importeotcept during the
estimation of the virtual price impact functionphse the MSDC will represent the
order book during the estimation. The MSDC shows dider book’s actual status,
that is, the price levels and the volume of oragrgach price level. According to this
the MSDC shows the price on which a transacticass dérder was fulfilled, where the
value of the transaction i/, (which can be measure in volume or value) (Acerbi
2010). The MSDC is shown in Figure 44:

Figure 44: The MSDC function
P

MSDC_askK

P_midt

-

MSDC_bid

bid ask
0 v

Source: proprietary
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Having the MSDC function at my disposal, the tatahsaction cost of a buy

order (mid price plus implicit costs) can be deteed as follows™®

TotalCos{v) = j MSDC(x)dx (46)

A transactions total cost can be determined byMISDC(v) function with
Equation 46 only in the case, when MSDC(v) inteiptbe order book at a given
moment. Note that MSDC(v) could be defined as Werage data of a longer time
period’s order book. In my dissertation | will dedi the MSDC(v) based on a certain
second’s order book and not on an average ordé« fioo@ period T.

Supply Demand Curve (SDC) is a closely related epthto the MSDC. The
SDC differs from the MSDC. The SDC shows the avenagce of a transaction. In
contrast, the MSDC represents the transaction’gjimar price. Thus, the SDC does
not show the new mid price after the transactinstdad, it captures the average price
a market player has to pay for a transaction. Hhetion between the SDC and the

MSDC can be defined as follows:

sbdv)= j MSDO(x )dx

(47)

MSDC(V): deSZi\S(V)

There is an important difference between the twactions: the MSDC is
never a continuous function, while the SDC is alsvagntinuous.

With the aid of the MSDC and SDC the marginal (Eopm48) and the
average (Equation 49) virtual price impact can ékned as follows:

mid

(48)

% It can be written like Equation 46, because duting estiamtion of the VPIF | will estimate the
MSDC(v) from the total implicit cost. The same vk true for the deduction of Subchapter 2.3.
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wpiF(y)= 22 (49)

mid

1.4.The shape of the price impact function: empirical &cts

As a consequence of the different estimation ofvirteal and empirical price
impact functions, we can get very different shdpeshe functions. Figure 45 shows
the relation of the virtual and empirical price mep functions, which were estimated
from real market data. Oxaxis the size of the transaction can be seengvdnly

axis the relative change of the mid price.

Figure 45: Virtual (triangle) and empirical (circle) price impact function

T T T T T T T T T

Source: Bouchaud et al., 2008, p. 38.

On the figure it can be seen that the vPIF can dtienated almost with a
straight line, while the ePIF’s shape can be eséthavith a concave curve in case of
the ask side of the curve. According to the emairiacts, researchers have identified
different shapes for the PIF-s, and reasons fosethghapes. Usually researchers
analyze the shape of the PIF on the ask side afuhee. The different shapes can be
the result of several reasons. Mainly the priceaotf transactions depends on the
order size and on the time horizon of the analysiables 20-23 | have summarized

the most important findings on limit order markekbe first three tables summarize

131



Liquidity Risk on Stock Markets

the findings for empirical price impact functionhile the fourth table contains the

researches carried out on virtual price impact tions.

In the initial studies, the researchers plot thegpimpact functions without

defining its functional form. The results of thesadies are summarized in Table 20.

Most of the researchers identify the price imparetctions with positive slope and

with a concave form. However, the studies differréhation to the change of the

function’s slope.

Table 20: Initial studies on the shape of the pricempact function

Examined
Authors stock Period Shape of the PIF Remarks, specialties
exchange
Hasbrouck | Data of 62 days| Positive slope, The price impact is
(1991) NYSE, from concave function. delayed. The PIF haven't
AMEX and | 1989 been formalized.
regional
exchanges
Hausman, | 10 1988 Positive slope, The PIF haven't been
Lo & randomly concave function formalized.
MacKinlay | chosen with decreasing
(1992) American growth.
stock
Biais, Stock of 29/0ct- | Almost  a  straight The PIF haven't been
Hillion & Paris 26/Nov | line, slightly concave formalized.
Spatt Bourse 1991. | function, which has
(1994) CAC 40 greater slope on t:E
index best price levels, th
on other levels.
Niemeyer | 30 stocks | 03/Dec | Nonlinear function, | The PIF haven't been
& Sandas | of the /1991- | which is not so slope| formalized.
(1995) Stockholm | 02/Mar | at the best price
Stock /1992. | levels.
Exchange’s
OMX
index
Kempf & DAX 17/Sept| Nonlinear function, The authors just analyzed
Korn futures, /1993- | the concave functionthe relation between the
(1999) aggregated| 15/Sept| flattens on the sides:order size and the price
inevery5 | /1994. | the large orders haveimpact on the best price
minutes relatively smaller level.
price impact than the
small orders.
Evans & DM/USD 1/May- | Strong positive The authors define quantity
Lyons & 31/Aug | relation: the net order as the difference of the
(2002) Yen/USD, |/1996. | flow explains a buyer or seller initiated
daily notable portion of the signed orders.
aggregation exchange rates’
volatility.

Source: proprietary
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Table 21 shows the most important results of tistadies that examine the
price impact function on the level of single tractgans. All the authors make efforts
to define the functional form of the empirical grionpact function. The majority of
the studies identify a strongly concave functionichihdiffer in respect of the
parameters. However, on different markets the piiogact function can be

formalized differently’’

Table 21: Price impact of single trades

Examined
Author stock Period Shape of the PIF Remarks, specialties
exchange
Lillo, 1000 stock | 1995- | Concave function, With appropriate average
Farmer & | from New | 1998 | which cannot be calculation and with the
Mantegna | York Stock described with a rescaling of the axis, 1000
(2003) Exchange, power law function. | stocks’ price impact can be
which have The slope of the put to the same curve. Theg
the highest function changes in | higher capitalized
capitaliza- the function of order | corporations stocks’ price
tion size. impact is smaller by the
same transaction size.
Bouchaud | Stocks of | 1/June-| Logarithmic relation.| The small transactions’
& Potters | Paris Stock| 15/July price impact is relatively
(2002) Exchange | 2002. larger, than the large
and LSE transactions’. The price
impact of trading is quasi-
permanent, which means
that the market players logk
at the trading as new
information.
Farmer & | Three May The price impact The authors highlight the
Lillo stocks of | 2000- | function can be difference  between the
(2004) London Dec. estimated with a price impact on the NYSE
Stock 2002. | power-law function, | and on the LSE.
Exchange where the exponent is
0.26.
Lim & Australian | 2001- | Relation can be Trading the same amount,
Coggins Stock 2004 estimated with a the price impact is smaller
(2005) Exchange power law function. | in case of corporations that
300 stock have higher capitalization.
with the
highest
capitaliza-
tion

3" The power law function is concave/convex if the@xent is smaller/greater than 1. If the exponent
equals 1, than the power law function is a strdiiglet
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o

Hopman Stock of 04/Jan/| The function can be The exponent’s value in
(2007) Paris Bours| 1995- | estimated as a power-case of market orders is
CAC40 22/0ct/ | law concave function|, 0.37, an order which is
index; price| 1999. | where the exponent isbetween the bid-ask sprea
impact for g between 0.37 andis 0.38, while in case of a
30 minute 0.47. limit order it is 0.47.
interval.
Zhou 23 stock 2003 The executed ordersWith normalizing the
(2011) from the price impact function returns and the quantities,
Shenzen is a power-law independently from the
Stock function, where the capitalization, the price
Exchange exponent is 0.65 ohimpact functions can be
the bid side, and 0.69brought together to one
on the ask side. curve.
The partly executed
orders’ price impact
is constant in case of
small values.
Cont, TAQ April The price impactin | The slope of the linear pric
Kukanov & | database | 2010. | the function of the impact function is inversely
Stoikov (NYSE, imbalance of the bid-| proportional to the market
(2011) AMEX, ask side is linear. depth.
NASDAQ)
50
randomly
chosen
stocks

[¢]

Source: proprietary

Table 22 summarizes the results of the studies lwkstimated the price

impact function with aggregated transactions. Teéeosd column of the table the

aggregation level is shown as well. It can be s#wat, researchers have arrived at

different results, and formalized the ePIF diffehgnBouchaud et al. (2008) state,

that these differences can be the consequencesdifferences in markets, assets,

time, and aggregation level. On shorter time harittee price impact is nonlinear (on

high aggregation level), but the price impact beesimnear on longer time horizon,

and also slope of the curve decreases on highelr déaggregation.
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Table 22: Price impact of aggregated trades

N

nt

D

Stock
Authors | exchange & | Period Shape of the PIF Remarks, specialties
aggregation
Gabaix et| 1000 biggest| 1994- | Growing, concave price The authors state the
al. (2003, | stocks of the | 1995 impact, which can be | large price movement is
2006) TAQ described with a the consequence of the
database, the square-root function. | large transactions. In
aggregation contrast Farmer and Lillg
is based on (2004) say that the large
15 minutes changes in price are the
intervals consequence of the lack
of liquidity. See Farmer
and Lillo (2004) of this
discussion.
Plerou et | 116 most 1994- | Defining two different | ¢: is the difference
al. (2002)| traded stocks| 1995 price impact functions,| between the orders giver
of New York on one hand in the by the sellers and buyers;
Stock function of the Q: is the difference of the
Exchange, imbalance of order number of the seller and
aggregated numbers ¢), and on thg buyer initiated orders.
for 5to 195 other hand in the
minute function of the volume | If Q is close to 0, the
intervals imbalance Q). In both | price impact <Gz ~ Q'°
cases the function is a| can be written with a
concave, tangent power-law function,
function, which flattens| where the exponent
with in the case of increases with the
higher imbalance. decrease of, by
increasingAt.
Almgren | 30 thousand | Dec. Defining two different | Only the linear permaner
et al. transaction off 2001- | price impact functions.| price impact guarantees
(2005) Citigroup June The permanent price | the market to be arbitrag
us, 2003. impact is linear. The free, and to the price
aggregated temporary price impact impact to be independen
for 30 is a concave power-law from time.
minutes function with an
interval exponent of 0.6.
Hopman | Stocks of 04/Jan/ | Estimating it with The author defines the
(2007) Paris Bourse | 1995 - | linear regression. The | order flow on different
CAC40 22/Oct/ | daily aggregation time intervals with a
index, 7 1999. | provided the best result,square-root
aggregation with R*=43.5%. The function:
level: 10 min, slope of the line SQRT= ZViO’S - ZViO’S
30 min, 1 day| decreases with the iTod sk
(without aggregation level.
night), 1 day
(with night),
1 week, 1
month, 3
months
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Margitai | Budapest 251 Estimated with square4 The result he got is
Istvan Stock tran- root function. With the | consistent with the
(2009) Exchange: saction | increase of aggregation empirical literature.

MOL, days level, the exponent of

aggregation: | from the function is

5 and 20 8/Mar/ | increasing, and the

transactions | 2007 function flattens.
Bouchaud Stocks of 2000- | With increasing the The relation is true for the
Farmer &| NYSE and 2002 aggregation level, theaggregation of the
Lillo LSE, price impact function transactions (N) and for
(2008) aggregation flattens. the signed imbalance of

of

Increasing linearity

the value (Q) as well.

transactions: with the increase of N,
N=1, 8, 64, around the balance of
512 order values, the price

impact function
becomes linear.
Decreasing slope: The
slope of the linear
regression decreases
with increasing N.

Source: proprietary

In addition to the empirical researches summarinetiable 22, Bouchaud’s
(2010a) research is worth mentioning in which thehar summarizes the most
important characteristics of the price impact fuorct The author concludes based on
the result of past research, that the price impaunttion is nonlinear, concave and
can be estimated with a power law distribution WwHi@as an exponent smaller than 1.
This exponent is increasing with the increase @& #ggregation level: on single
transaction level the exponent is between 0.1 aBdahd if the aggregation is based
on aggregating around 1,000 transactions, theaxpenent will be close to 1.

In the literature it is an accepted view, that thenber of transactions has a
more important role in the price impact, then tideo size (Bouchaud, 2010a, b).
Beside this it is also accepted, that the priceaichps proportional to the bid-ask
spread, and to the volatility per trade (Bouch&d,0b).

Finally, in Table 23 the literature on the virtuadice impact function is
reviewed briefly. Early research found that thduat PIF can be estimated with a
power-law function, where the exponent is signifity higher than in case of the
empirical PIF. Weber és Rosenow (2005) identifyqaase-root function, but the

authors state as well, that the virtual price inbpsienuch bigger, than the empirical.
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The authors state that it can be the consequenties afegative correlation between

returns and limit orders.

Table 23: Shape of the virtual price impact functio®

Examined
Authors stock Shape of PIF Remarks, specialties
exchange
Challet & 4 stocks 15 best The vPIF can be The authors mainly talk
Stinchcombe bid and ask estimated with a about the static and
(2001) price level on | power-law function. | dynamic properties of the
Island ECN The exponent is limit order book, not about
(NASDAQ) between 1 and 3, VPIF.
depends on the day
and on the stock.
Maslov & Mills NASDAQ The virtual PIF is a | The authors state that the
(2001) Level Il power-law function, | high exponent is the
where the exponent isconsequence that the virtugl
between 1.7 and 2.2] price impact differs from
the empirical price impact.
Smith, Farmer, | London Stock | The virtual price The authors have built up a
Gillemot & Exchange impact function can | theoretical model, which
Krishnamurthy be linear or concave,| was tested on an order book
(2008) it depends on the of the London Stock
parameters of the Exchange. They have found
model. that the model gives back
the statistical properties of
the real data.
Weber & 10 most In case of the limit The virtual price impact is
Rosenow (2005) | frequently orders, the vPIF is afour times greater than the
traded stocks | convex square-rogtreal one. They explain this
on Island ECN | function. difference with the negative
(NASDAQ), In case of the marketcorrelation between the
aggregated for | orders, the vPIF is areturns and the limit orders.
5 minute concave square-rogt

interval, data of

2002

function.

Source: proprietary

It is worth mentioning that | haven’t found otheudies on the shape of the
virtual price impact besides those which are inl@@s3. | think that this can be traced
back to the fact, that the majority of the researshooked for the reason for the price
change, namely whether the price change is caus#ukelbig order or by the lack of
liquidity. Researchers can analyze this only oh treasaction data, since they had to

examine the real price changes.

3| haven’t shown the period, since it was not alé.
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Tables 20-23 show that research done so far havelfthe shape of the price
impact function can be mainly a power-law-, squa@-, concave function, or it can
be linear. The concave shape is interesting, becausould encourage the market
participants to give larger orders, since the pimmgpact seems to be inversely
proportionate with the size.

The literature gives two reasons for the concawapaslof the empirical price
impact function (Bouchaud et al. 2008). The firgplanation can be related to
Barclay and Warner (1993): the authors state, thatconcave shape can be the
consequence of the information content of the #etisns. Namely if the small
transaction have the same information content thanlarge transactions, than the
price impact of large transactions won’t be higtem that of small transactions. The
second explanation was given by Bouchaud et al0§R0These authors have
explained the concave shape with the concept dadcBet liquidity. Selective
liquidity means, that market participants’ decisitin submit an order or not will
depend on the market liquidity. If they see, tinere is liquidity on the market, they
would give a large transaction otherwise they satonly small ones. Namely the
market participants always try to give an orderjolwhcan be fulfilled on the best
price level, and try to avoid that their ordersededl a lot of levels from the limit
order book.

It follows from the previous, that the shape of #mpirical price impact
function will be determined by the shape of theunoés on the best price level.

Namely, price impact will occur, if the order degtall the orders on the best price
level. In this case the ePIF can be concaw#fv)E(r) expression is concave, where
E(r) shows the price impact — the relative change efrtfid price —, whiIeP(+|v)
shows the probability of the price change at arwosize of,v” . It can happen only if
P(+ |v) is concave, because of the non-negativity of H(iQ, stands for the volume on
the best price level on the opposite side of thekbarhich is a random variable from
a P,(¢,) distribution, and independent from the order siZe, then a price impact
will occur if v=g,. In sum, the probability of the price impact vk the following

(Bouchaud et al., 2008):

Vv

P(+ |V) = _[ P, (@ )do, (50)
0
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From the deduction, a connection can be shown lstwbe virtual and

empirical price impact, according to Equation 5heTleft side of Equation 51

symbolizes the empirical price impaCE(dV)), while on the right side the virtual

price impact E(r)) can be found, which is multiplied by the probdabpilof

occurrence of the price impad(¢|v)).

Elv)= P+ V)E(") (51)

1.5. Time variation of price impact

The price impact’s effect on a larger timescale waalyzed by Bouchaud
(2010a, b), who emphasizes the permanent natutieeoprice impact, which is the
consequence of the order flow’s long memory. Séveiadies have analyzed the
permanent and temporary nature of the price imgaat which | would like to
highlight Bouchaud et al.’s (2008) and Almgrenlesg2005) work.

Bouchaud et al. (2008) have concluded that if sirtghnsactions are being
analyzed, than the price impact function is concéwe the function becomes more
linear if we aggregate the transactions. Basedhandbservation the authors have
tested the effect of the price impact on a largeescale, and concluded that it is
worth discerning the PIF to a permanent PIF and temporary PIF, since the two
functions behave much differently.

The researchers have tested for single transactithes permanent and
temporary proportion of the price impact, and whetthese values have a fix or a
variable value. They have tested also the effecthef order flow prior to the
transaction.

Bouchaud et al. (2008) found, that the price impdisappears with the
passage of time, and that the permanent price impasymmetric and depends on
the past order flow. Asymmetry means, that eveagdaction has a price impact, but
this price impact depends on the order flow in plast, and on the predictability of

the transaction. The more it is predictable, thalnthe price impact will be.

139



Liquidity Risk on Stock Markets

Their viewpoint is, that the dynamics of the pricemation, and the price
impact, will depend on the dynamics of the ordewfl and also on the information
the liquidity provider has, and on the method tharkat players predict the future
order flows (Bouchaud et al., 2008).

Almgren et al. (2005) have split the price impdsbanto a temporary and to
a permanent part. Their opinion is that the permbaneice impact reflects the
information available for the market participangsd can be calculated from the
imbalance of supply and demand. This effect is pedelent from the time of the
transaction. In contrast, the temporary price imp@c caused by the market
participants’ different short term notions of theécp formation. Timing has a notable
effect on the value of the price impact. In sum ndalized (empirical) price impact,

will be the result of the following two effects:

Realized price impact = Permanent price impact mfdaary price impact + Noise
(52)

1.6. Theoretical modeling of the price impact

In Subchapter 1.4 | covered the shape of the pmgact function determined
by real stock exchange data and also discussedfotimeal description of it.
Simultaneously with empirical research, and somedinm the same paper, many
researchers try to model the evolution of priceaoipThe majority of these models
try to capture the price impact by analyzing théaweor of rational agents and
making assumptions about the order flow.

The classic model of Kyle (1985) presumes linearepimpact. The models of
Seppi (1990), Barclay & Warner (1993), and Keim &dhavan (1996) suggest that
the price impact is concave. The models of Zharg®9)l and Gabaix et al. (2003,
2006) are based on the optimal decisions of fundager’s resulting in a square-root
function. In the popular model of lori et al. (2Q08arket and limit orders are made
randomly, the order flow is supposed to follow RBois distribution. According to the
authors, if the depth of the order book is incnegsinonotonically, then the price
impact function is concave, and its shape is ia ith empirical researchesp~w/,
where B<1. The authors attribute the concavity of the figrctto the trading
mechanism and market structure and not to optimaling strategies based on
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rational decisions. The results of lori et al. (2p&how a price impact function
matching the shape of the real one, although tbersrwere randomly given in the
model.

The paper of Bouchaud et al. (2004) models theuthenl of the price impact
in time by defining the price as the result of paghsactions. An interesting attempt
to model price impact is the neural network of KépKorn (1999), the model of
Challet & Stinchcombe (2001), in which the authorap the orders to particles and
the paper of Rosenow (2008), where the author ilgufie popular spin model of
physicists.

A part of the theoretical models sheds light on fhetors determining the
shape of the function. The majority of these modeése created by the research
divisions of market participants, e.g. Aimgren kt(2005) made their model within
Citigroup. The primary goals of these models idaecast the price impact of the
future orders of the firm, to estimate the transactosts of trading due to price
impact and to design optimal trading strategiescoMding to e.g. Torre & Ferrari

(1999) the size of the price impag) (s driven by six factors:
K=F(\V,€,0,&,1,X) (53)

Table 24 contains the description of the parameaiétbe previous equation

and their effect on price impact.

Table 24: Factors effecting price impact
The effect of the growth of

Notation Description of the factor e
the factor on price impact

Vv The volume of traded stocks expressedih? |« 1

uUsD
€ Elasticity: the reaction of order flow foe 1 K

price impact
o The volatility of stock price o1 K1
o) Measure of intensity, describes the 1 Kl

frequency of trading
Shape indicator, describes thé 1 k | (if the expectec
distribution of traded volumes value increased)

k 1 (if standard
deviation increased)

[1]

T The indicator of the mood of the markget, K1
describes the price of liquidity
X The indicator of investor expertise 1 K|

Source: based on Torre and Ferrari (1999)
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Torre and Ferrari (1999) give a detailed explamatio how each of the above
factors affects the size of the price impact. Treemdisadvantage of their study is
that the shape of the function F remains hiddemftbe reader, it continues to be
treated confidentially for competitive consideraso

| disregard abstain from the further demonstratbnhe theoretical models,
since in my dissertation | am not supposed to kaildeoretical model with respect to
price impact functions. In chapter IV/2 of my digaéon | will show how to estimate
a price impact function from the BLM database.
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2. Empirical research: estimation and analysis of therice

impact function

One of the explicit goals of my dissertation is poovide the market
participants with a method that would enable themestimate the price impact
function easily without having to recourse to tlaadof the order book. Knowing the
price impact function is important for the marketripants, in order to be able to
predict the price impact of trades in the futumed & estimate the additional trading
costs related to the price impact, and also to lide # build an optimal trading
algorithm based on the price impact function. Nantelders will submit their orders
according to the time-variation of the virtual grienpact function. In this chapter |
show how a price impact function can be estima&gkd on the Budapest Liquidity
Measure database. In other words | show the rekstiip between the PIF and the
liquidity measures. In the course of the estimatianll define a virtual price impact
function. The time series of the virtual price impé&unction can be analyzed by the
market participants in order to establish a traditrgtegy. Namely the advantage of
virtual price impact function as opposed to the iitgd price impact function is, that
it is suitable for time series analysis to be ealrout on it. It is impossible to make a
time series analysis on the empirical price imganttion, since it gives the average
value of the price impact for a longer period (eagyear). The virtual price impact
function on the other hand can be estimated foryesecond. In addition to the
estimation of a virtual price impact function, lllwnake a time series analysis on the
estimated database.

2.1.Research questions

I will analyze the time-variation of the price imgbaand its basic statistical
characteristics, in order to get a picture of theetseries of the transaction cost that
occur as a result of the lack of liquidity. Durirtige analysis | will answer the
following questions:

1. What are the basic statistics of the VvPIF (averagandard deviation,
minimum, maximum, skewness, curtosis and distrdm)&

2. Is there atrend in the time series?
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3. How does volatility change over time?
4. Are there outlier data, and are there structurehks?

5. Can the time series data of VPIF be describednasam reverting process?

My hypotheses based on the research questionbenilie following:

H5: The dynamics of the virtual price impact function can be described
by the following:

H5/a: symmetry,

H5/b: trend,

H5/c: cycles,

H5/d: mean reverting,

H5/e: shock resistance.

2.2.Research method

| will carry out the analysis of the virtual pricmpact function on the OTP
stock’s BLM database in Subchapter 2.4. The timeseontains the BLM data
from 1st January 2007 till 3rd June 2011. To be ablanalyze the vPIF of OTP it is
necessary to define the vPIF(q) function for ewaay from the BLM(q) function. As
a first step | estimate the BLM(q) function, whictill do with a linear regression. |
will describe the exact estimation of the BLM(qdarPIF(q) in Subchapter 2.3.
After the estimation of vPIF | will analyze the #nseries of VPIF and the
basic statistical characteristics of the functibrdo this in order to get a closer
picture of the behaviour of the transaction cositsed by the lack of liquidity in the
past. The methods | have used during the analgsidbe found in the next listing. In
more details | will show the methods in Subchagtédr
- Descriptive statistics: average, standard deviatoedian, minimum, maximum,
curtosis, skewness.
- Trend analysis: fitting of polynomial trend, calatihg moving average.
- Symmetry of bid and ask side: correlation of the sides.
- Shock resistance: testing the autocorrelation ie tlatabase with Breusch-
Godfrey LM test (Breusch, 1979; Godfrey, 1978).
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- Structural breaks: using Chow test (Chow, 1960)Y] &uandt-Andrews test
(Andrews, 1993).
- Outlier data: analyzing boxplot figures.

- Mean reverting: using an extended Dickey-Fullet (B&ckey és Fuller, 1979).

2.3. Estimating virtual price impact function

Market participants would be able to calculateghee impact from the order
book. But the order book is not available for mofthe participants, so they don’t
have precise information on market liquidity. Thigans that they cannot even define
the MSDC(q) function, or the average price eittser,they cannot estimate a price
impact function. The only information they can rdeaim the first few levels of the
order book e.g. the bid-ask spread, or the voluavedable on the first few levels of
the book. Nevertheless a price impact function lsarestimated not only from the
order book, but from liquidity measures as well, tae liquidity measures are
calculated from the order book data.

A liquidity measure, like the BLM(Qq) in itself isoh a price impact function
yet, as the BLM does not inform the trader aboatribw mid price realized after the
transaction. Instead, the BLM measures the imptiogt of trading (in basispoints)
stemming from the illiquidity of the markets. SinlBeM’s calculation is based on the
order book, it is possible to estimate a margingyps/-demand curve (MSDC)
(Acerbi, 2010), then to estimate the virtual priogpact function. Namely in this
chapter | will introduce a method which enables katparticipants to estimate a
price impact function fast and easily without knogithe data in the whole order
book.

In order to be able to estimate an MSDC(q) funcfrom the BLM database,
a relationship should be found between the twoongti This relation is shown in
Figure 46. In the figure the implicit cost of tradican be seen, since the bid and ask
side of the MSDC(q) function is shown in the figufde area between the two sides
of the MSDC(q) function is the implicit cost, whicdlecurs in the absence of liquidity.
The size of the area is equal to the BLM valugyafmultiply the BLM with the total

transaction sizey.
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Figure 46: Relationship between the MSDC and theduidity measure

= Absolute liquidity cost = BLM(qg)*q

MSDC_ask

MSDC_bid

q

Source: proprietary

In sum, the total transaction cost that occurs lleea@ne cannot trade on the
mid price is shown by the banded area in FigureSt6the total banded area shows
that, what the transaction cost would be if oneewer buy and sell immediately.
Equation 54 shows how to calculate the size ofafea, where) is the size of the

transaction in Euros, whilgy, shows the total implicit cost of trading.
q q
Cioail@) = J.MSDC_asl‘(x)dx - J MSDC_ bid(x)dx (54)
0 0

If we like to define the transaction cost only foe bid or the ask side, then it
can be done by Equation 55 and 56,whesg shows the implicit cost during a buy

order, whileCyig shows the implicit cost of a sell order.

q
Cask(q) = I MSDC(X)dX —Prmia 19 (55)
0
q
Chid (Q) = Pmig 0o - I MSDC(X)dX (56)
0
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According to Figure 46 and Equation 54, the valdeBaM(q) — in the

function ofg — can be defined by Equation 57:

q q
I MSDC_ask(x)dx —I MSDC_ bid(x)dx

BLM(q) =2 ] 2 (57)

To give estimation for the price impact functiomvith the aid of the MSDC —
| had to define the value of the MSDC with the BLM.

The first step is to define the shape of the BLM(g)ction. Based on a video
made in Matlab about the time variation of BLM(g)h&ve seen that the daily
BLM(q) function can be estimated with a linear. Tih#aday BLM(q) function can
have various shapes: linear, concave or convexceSin my dissertation | am
working with daily data, | have applied the assuompthat the BLM(q) is linear, so it
can be estimated with a linear regression. In ¢hse the BLM(q) is defined by the

Equation 58:
BLM(g)=alg+b (58)

If we model the BLM(q) function separately for thiel ask side of the limit
order book, then we get for the buy side: Bl lind for the sell side BL

BLM = 20LP+APM,4 + APM , (59)
BLM? =LP+APM g, (60)
BLMP® = LP + APM, 4 (61)

In the equations LP is the liquidity premium, whishthe half of the bid-ask
spread, while the APMis the adverse price movement on the ask sideA&Mhiq
is the adverse price movement on the bid side. stime of LP and APMy/ask Will
give Equation 60 and 61, since BEMand BLM will represent the implicit trading
cost on the ask and bid side, which contains thiedfahe spread and the adverse

price movement.
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The linear regressions for the ask and the bid cagebe defined by Equation
62 and 63. This means, that when | estimate thE fd?levery day | have to estimate

the parameters@ayiq and Rs/byig Separately for the two sides.

BLM (q) ask q+bask’ (62)

BLM °(q) =ayq 0 + by (63)

The estimation of the MSDC by means of the BLM(ghdtion requires the

following steps on the ask side:

1. step: Defining the total implicit cost on th&k asde based on the BLM:

MSDC_asKx)dx - qOP,,

BLM?(q)= ; (64)

O'—.Q

2. step: Rearrange the equation to MSDC(q):

q
BLM ?(q) g = J' MSDC_asKx)dx - q 0Py —
dBLM?(q)Oq + BLM ?(q) = MSDC_asKq) - Pyig — (65)

dBLM?(q)0q + BLM ?(qg) + P,y =MSDC_asKq)

3. step: Substitute Equation 60 in the equatiod,raarrange the equation:

aask [q + aask |:q + bask + IDmid = MSDC_aSk(q) -

(66)
2 Da,g 0g + by + Pyig = MSDC_ask(q)

The estimation of the MSDC by means of the BLM(ghdtion requires the
following steps on the bid side, according to Eqpra67:
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q
qUP,q - I MSDC _ bid(x)dx
0

BLM"(q)= ] -

q
BLM°(q)0q=q 0P, 4 - I MSDC_ bid(x)dx —
0

dBLM®(q) 0g + BLM *(g) = P,y -~ MSDC_ bid(q)
_ (67)
Pria — (abid 0g + apig g + byg ) =MSDC_ b'd(CI) -

Prig — (2 0ayq 09+ byg )= MSDC_bid(q)

Finally, the virtual price impact function can bepeessed in the function of
MSDC(q), according to the Equation 48, which caridusd in Subchapter 1V/1.3.

vPI(g) :%C(q)—l (68)

mid

During the deduction | have assumed a linear BLMifg¥tion, and as a result
the vPIF became linear as w&INevertheless | would have been able to estimate th
function with any other shapes. | have three remsony | have chosen the linear
shape. Firstly, because in the literature — baseduabchapter 1V/1.4 — the price
impact function is linear in many cases (Almgreralet2005; Biais, Hillion & Spatt,
1994; Bouchaud et al., 2008; Cont, Kukanov andk®tgi 2011; Hopman, 2007;
Smith et al., 2008). Secondly, because | have destatistically the shape of the
BLM(q) function, and | have found that in case iirfg a linear regression for the
BLM data, the Rvalue is around 0.95, so the linear approximatiamm be considered
as good. Finally, I have chosen the linear shapeause | think that the relation
between the BLM and the price impact function canelzplained, understood and
used most easily with the most simplest functioapgh In the next paragraph |
shortly introduce the way to change the deductiding BLM(Q) is not linear.

Since we assumed the BLM(q) to be linear, the MS)@(d the price impact
function became linear as well. If | would like @éstimate a convex or concave PIF,

BLM(q) should be non-linear. The difference in tleduction will be, that in the step

39| will show this in Subchapter 2.4.1 on Figure 47.
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N3, i.e. when | substitute the BLM(q) function, teguation changes. For example if
| would estimate the BLM(q) with a power-law furati then the BLM on the ask

side would be the following:
BLM a(q) = a5k qu + bask (69)

The result is, that during the estimation anotteameter should be estimated
as well, namely the. Another change, that in step N3, and the deduai@nges as

follows:

aask Dq + a-ask an + bask + IDmid = MSDC_aSk(q) -
(70)
Aask D(q -q° )+ bagc + Prmig = MSDC_ask(q)

However, concerning the daily data, estimation veithnear is proved to be
enough. In further research it would worth estimgtihe BLM(q) with another shape,
in order to compare the results with mine.

On the basis of the vPIF the empirical price imphagiction cannot be
estimated, on the one hand because the BLM datalmesenot provide information
on the probability of the occurrence of the pricgacts, on the other hand because
the estimation of the ePIF depend on real trammaciata, not on the order book. The
ePIF can be estimated, for example, from the TA@dés and quotgsdatabase
(Margitai, 2009). Estimating the ePIF from the TAdatabase is a time- and
calculation consuming task. In my dissertation mgmmgoal was to provide the
market participants with a method that enables therestimate the price impact
function easily. The price impact function basedBuM is the result of an easy and

quick calculation.
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2.4. Analysis of the time series of the virtual price irpact function
2.4.1.Descriptive statistics

The data | am going to analyze are based on the Baid of OTP between
th1% January 2007 and®June 2011. | will estimate the virtual price impamction
for every trading day with the method | have introed in the previous chapter.

Figure 47 shows the virtual price impact functmmthe bid and on the ask
side as well, for a few trading days. The four dagge been chosen in order to show
how the price impact is different in calm period' fanuary 2007 and'2June 2011)
and during crisis (20 October 2008 and"™@January 2009). On the figure it can be
seen, that during a crisis the price impact fumcis steeper, which shows, that the
transaction cost of trading is higher, because niaekets are more illiquid, then

during normal times.

Figure 47: Virtual price impact
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Source: proprietary

In Figure 45, in Subchapter 1V/1.4 the authors hesgmated a virtual price

impact function from order book data, and get theult, that the price impact
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function is nearly linear. In my dissertation | gotlinear function, because | have
estimated the BLM(Qq) to be linear, as | have meawin the previous chapter.

Before analyzing the time series of the virtuaterimpact function it is worth
analyzing the descriptive statistics for a few orsiees, in order to get a full picture
of the vPIF. The descriptive statistics can be sedrable 25:

Table 25: Descriptive statistics

Descriptive statistics of the virtual price impactfunction
for different order levels (bp)

BID ASK
vPIF | VvPIF | VPIF | VvPIF | vPIF | vPIF | VPIF | VPIF
(-5e) | (-20e)| (-40e) | (-50e) | (5e) | (20e) | (40e) | (50e)
Average -0.150 -0.606| -1.213| -1.517| 0.143] 0.568 1.134| 1.417
Median -0.082 -0.332| -0.665| -0.831) 0.082| 0.325 0.649 0.811
St.deviation 0.222] 0.894] 1.789| 2.2360 0.198| 0.788 1.574| 1.967
Minimum | -2.048| -8.237|-16.489 -20.620 0.014| 0.055] 0.110] 0.137
Maximum | -0.015 -0.061| -0.123| -0.153] 2.043] 8.123| 16.230 20.284
Skewness | -3.955-3.952] -3.952| -3.952] 3.895 3.898 3.898 3.899
Curtosis 19.24419.220 19.215 19.21519.709 19.75719.765| 19.767

Source: proprietary

When a trader wants to sell on the market, therosilebe fulfilled on the bid

(buy) price, while in case ha wants to buy, it vl fulfilled on the ask (sell) side of
the book. Based on Table 25, the bid and ask sfd&éhe book have different
characteristics. In case of the averages it caselke, that on every order size level
the average and the median have greater absollie wa the buy side of the
function. | believe that the reason for that is tbieowing: when investors buy stock,
they don'’t do it at the same time, but, while wiselling stock it is common to try to
do it at the same time, for example maybe becatiagpanic on the market. In these
cases they are willing to close their position eweth higher transaction costs,
causing a large price impact with thiso the bid and the ask side of the vPIF can
differ as a consequence of the so called herdteffée market players want to sell at
the same time, but buying stocks are more scattdiieid can be seen in the vPIF,
which is based on the limit order book. The databa#as analyzing contains the
crisis of 2007/2008, and this is reflected in thesinilarity of the two sides of the
price impact function, since during crisis a feméis there was a panic on the market,

which was coupled with the lack of liquidity.

152



Liquidity Risk on Stock Markets

The other results show the same, as the averagaseli the value of the
standard deviation, the maximum and the minimumgaeater in absolute value on
the buy side, than on the sell sfdd.can conclude the same thing as I did in case of
the averages, namely, that the limit order boolects$ that the sell orders arrive at the
market more concentrated than the buy orders.

The analysis of the skewness and curtosis — naiiely the distribution
differs from the normal distribution — is easierdarry out by making histograms
(Figure 48 and 49). It can be seen, that on thesioid of the price impact function,
the probability density function is skewed to thght, while the ask side’s PIF is
skewed to the left. Though the probability dengityction is more skewed on the bid

side, which is because of the reasons mentionexddef

Figure 48: Density function of price impact value abuying EUR 5,000 of OTP
during the period of 01.01.2007-02.06.2011.
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0 The buy side maximum/minimum value should be caegbavith the sell side minimum/maximum
value.
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Figure 49: Density function of price impact value &selling EUR 5,000 of OTP
during the period of 01.01.2007-02.06.2011.
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2.4.2.Trend

| will start the time series analysis with analygithe trend of the time series.
Knowing the trend is important, because it can hefrket participants to estimate
when to open or close a position. Since knowingttéied one can forecast when the
liquidity will increase or decrease. According tastit is worth plotting the time

series VPIF values for a few order sizes, whighswn on the Figure 50.
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Figure 50: The time series of the virtual price im@ct function
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The figure shows that there isn’'t a linear trendha database on any order
size level. This fact is logical, since if therewla be a trend, then it would mean that
the illiquidity is increasing or decreasing as adiion of time. In a multi-year
horizon it is hardly possible on the market that liquidity is continuously increasing
or decreasing. In order to clearly exclude theterise of a trend, | have made further
analysis. Because of this | have analyzed whetteetis a polynomial trend. | made
the analysis for 5,000 Euros, and for 60,000 Eufte R values in case of a sixth
degree polinom were very small’(8,000) = 0.419, and360,000) = 0.413. In case
of polinoms with smaller degrees, thé Rere even smaller. This means that the
polinoms haven't fitted well on the database, thexplanatory power is small.
Because of this | have tested another trend asaiysthod as well, the method of
moving average. Figure 51 shows the 21 day moavegage for 5,000 Euros for bid
and for the ask side.
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Figure 51: The virtual price impact and its 21 daymoving average values
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The figure shows that the price impact follows &rsge trend, since there
isn't a trend throughout the whole time seriesegitbn the bid or the ask side. The
figure also shows, that before the crisis of 2008 price impact was quite stable,
then during the crisis it had increased, then atetid of the crises it decreased again,
but never became as small as it was before thes.cBe there isn’t a trend in the
database, but it seems that the price impact faltive economic cycleBecause of
this cyclical effect, | have split the database itiiree parts: before the crisis, crisis
and after the crisis period. The splitting has beeue according to the analysis of
the 2.4.4 chapter, where | have defined the stractureak points. For the analysis
one year has been chosen from the before crisisdyeand one year from the after
crisis period.

| have got the same results before and after tisesscOne of these is that the
price impact develops the same way on the bid anith® ask side, which means that
the liquidity of both sides are nearly the samee Bkher result is that though there
isn’t a trend in the database, but there is a cgckffect in every quarter year. The

results are shown in Figure 52 and 53:
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Figure 52: Cycles of price impact based on the 21ag moving average before crisis
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Figure 53: Cycles of price impact based on the 21ag moving average after crisis
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These cycles can be the result of the quarterlpntep my point of viewOn
the day the quarterly reports are published, thvestors’ information asymmetty
regarding the operation of OTP is smaller, so @w@ymore willing to trade with the
paper, which results in more liquidity for the pap@n Figures 52 and 53 it can be
seen that at the time of the quarterly reportshTanuary, 15th April, 15th July, and
15th October) the price impact is the smallest, levitheir maximum values are
halfway between two quarterly reports.

2.4.3.Volatility and correlation in the time series

| have analyzed the changing of the volatility loé¢ fprice impact function on
several order sizes. The results for the 5,000 eutler can be seen at Figure 54,
where the volatility of a certain day is calculafeam the price impact data of one
month data prior to the day.

Figure 54: The volatility of the price impact overtime
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“1 | ignore the detailed discription of informatiosyanmetry, because it goes beyond the topic of my
dissertation. More detailed on the information asetry in the international literature see e.g.

Akerlof, 1970; Spence, 1973; Stiglitz, 1977; orthe Hungarian literature see e.g. Balla, 2006;
Krénusz, 2007; Havran et al., 2010.
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I have found that the volatility changes notablythwihe economic cycles.
When the value of the price impact increases becalithe lack of liquidity, then the
volatility increases as well on both sides of ttection.

It can be seen from the figure, that on 5,000 euder level the correlation is
high between the bid and the ask side. | have aedlyhe correlation between the
two sides of the function, and between the diffei@der levels. This is important,
because | have assumed before the analysis tltla iimit order book shows low
liquidity for example on the bid side this shouldmiean that, that the liquidity is low
on the other side of the book as well. If everyovald like to sell the stocks, it
would be easy to buy, so the liquidity should bghhas well on the ask side. But this
is not the case according to the data. Table 26nmsrimes the correlations: the
correlation is nearly perfect in every case, whigdans, that the liquidity of the ask
and bid side on every order size are strongly tated, strongly moving together.

Table 26: Correlations

correlations vPIF_(E)EiS(;eur) vPIFES%teur) vPIFESi%teur) vPIFESi%teur) vPIFES%teur)
VP'F(:Sf“r) -0.9516 -0.9520 -0.9521 -0.9521 -0.9521
VP'inZl:e“r) -0.9513 -0.9517 -0.9518 -0.9518 -0.9518
VP'ingl:e“r) -0.9513 -0.9517 -0.9517 -0.9518 -0.9518
VP'inglie“r) -0.9513 -0.9517 -0.9517 -0.9518 -0.9518
VP'Fzg‘;I:e“r) -0.9513 -0.9517 -0.9517 -0.9517 -0.9518

Source: proprietary

Based on Figure 54 it can be seen, that thererédation between the price
impact values of each trading days, since if onetba price impact is low/high, it is
quite possible that the next day it will be lowfniggain. With statistical methods |
have analyzed the relation between the days foligweach other, namely | was
testing a first-order and a second-order autocaticgl. The usually used Durbin-
Watson test for testing first-order autocorrelat@amnot be applied in this case for
two reasons (Darvas, 2004). On the one hand théueds of the time series data of
the price impact function on any order levels ava-normally distributed, and on the
other hand it is quite possible that there is highreler autocorrelation in the time

series as well. 1 will use instead the Breusch-GndfLM test, which has less
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restrictive assumptions. Based on the Breusch-@gdiM test, it is clear, that there
is a positive autocorrelation in the time seriesemery order sizes. The test have
rejected that the residuals are not autocorreldtiedre can be detected, that there is a
very high-order autocorrelation in the time sergeta. The tenth or even the

twentieth-order autocorrelation were significant.

2.4.4.0Outliers and structural breaks

On the basis of Figure 50 the absolute values efwuintual price impact
function increase significantly in October-Novemi2®08 and January-February
2009. The significant increase can be observed dtwotihe bid and the ask side. With
the aim of describing the turbulent period moreperty and identifying the outliers |
have prepared box plots (McGill et al., 1978). Byats are based on quartiles, and
represent a convenient way of graphically depicthng distribution of the values of
the virtual price impact function belonging to \var$ order sizes. Figure 55 shows
the box plot of the bid values of the virtual pricepact function belonging to
contract sizes of EUR 5,000.

Figure 55: Boxplot of the bid values of the vPIF &the order size of EUR 5,000

Boxplot(-5000)

0.0
|

-1.5 -1.0 -0.5
|

00 @ O @D O

o

-2.0

Source: proprietary

160



Liquidity Risk on Stock Markets

On Figure 55 the upper edge (hinge) of the boxcitgs the 75 percentile
(Q3) of the data set, which currently equals -0205Phe lower hinge of the box
indicates the 2B percentile (Q1) of the underlying data, which haglue of -0.1312.
In the literature the range of the middle two quest that is, the difference between
Q3 and Q1, is known as the inter-quartile rangeR(lQrhe box itself contains the
middle 50% of the values of the virtual price imp&mction. The line in the box
indicates the median value (-0.0821) of the datath@ basis of Figure 55 the median
line within the box is not equidistant from the d@s, which refers to the asymmetric
nature of the data. (Note that the skewness ofddita was also highlighted in
Subchapter 2.4.1.).

The figure also contains the maximum (-0.0149 rtshorizontal line above
the box) and the minimum (-2.0480, the circle s#¢daat the bottom of the figure) of
the bid values of the virtual price impact functiselonging to contract sizes of EUR
5,000. The observations marked by circles repreb@se outliers that fall below the
threshold calculated by the formula QL-5[IQR . As the threshold calculated by

the formula of Q3+5[ IQRis higher than the maximum of the underlying value

this threshold is not shown in the figure. Instet maximum of the data set is
shown in form of a short horizontal line situatéght above the box. On the bid side
the box plots belonging to various contract sizesklvery similar to the one

presented in Figure 55. The figures vary solelyh@a scaling of the y axis and in a
couple of dates belonging to the outliers. (Not&t tlor the sake of brevity the box
plots belonging to various contract sizes are hots.)

Figure 56 shows the box plot of the ask valueshef \tirtual price impact
function belonging to contract sizes of EUR 5,000. the figure the lower hinge of
the box represents the tI‘75ercenti|e (Q3) of the data set, which currentlyiadsg
0.0532. The upper hinge of the box indicates th& pBrcentile (Q1) of the
underlying data, which has a value of 0.1269. Ttre itself contains the middle 50%
of the values of the virtual price impact functidrne values in the box fall between
the borders of the inter-quartile range, that efween 0.0532 and 0.1269. The line in
the box indicates the median value (0.0819) ofdat set. Figure 56 also contains
the minimum (0.0142, short horizontal line below thox) and the maximum (2.043,
the circle situated at the top of the figure) af #sk values of the virtual price impact

function belonging to contract sizes of EUR 5,000e observations marked by
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circles represent either those outliers that falbt the threshold calculated by the
formula of QL-5[IQR or fall above the threshold calculated by the fdamaf

Q3+5[IQR. As the threshold calculated by the formulaC@f-5I I@Rower than

the minimum of the data set, this threshold isstmwn in the figure. Similarly to the
bid side, on the ask side the box plots belongmgatrious contract sizes look very

similar to the one presented in Figure 56.

Figure 56: Box plot of the ask values of the vPIFtahe order size of EUR 5,000
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I have identified all the outliers marked by ciclen the box plots for each
contract size. As a next step | have looked updites of these outliers. Turbulent
days were defined as days on which the value o¥itteal price impact function at
each contract size was identified as outlier. Assallt, | have identified 52 turbulent
days within the period under analysis. The turbutiys fall within one of the above
five periods: working days between 17 and 27 Oat@0€8, period between 10 and
20 November 2008, working days between 20 Januady 4a February 2009, 12
February 2009, and period between 18 February alori8 2009. All of the periods
can be found during the time of the global crisi2008, which evolved from the
subprime crisis of 2007. The price impact valuetheke outlier periods are shown in
Figure 57.
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Figure 57: The price impact during turbulent times
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On the basis of Figure 50 could observe structoredks in the time series of
the virtual price impact functiorStructural breaks exist both on the bid and on the
ask side To show this | have used a formal statisticat. t€he Chow-test (Chow,
1960) is one of the most well-known tests to idgratructural breaks. With this test
the stability of two or three subsamples’ modelapagter can be analyzed. In this
certain case | have split the database into thmbsanples, by removing the period
between October 2008 and April 2009. During theeaesh 17 October 2008 was
identified as the starting date of the crisis. Tlas the first day in the time series,
when | have identified outliers by means of the Iptot method at each order size
under analysis. 3 April 2009 was considered astiteof the crisis. This was the last
day in the time series, when | have identified ieul by means of the box plot
method at each contract size under analysis. Acuprdo the test on every
significance level (5%, 1%) | have found that thexe structural break in the time
series. The Quandt-Andrews test (Andrews, 1993)alssindicated the existence of
structural breaks. This test shows that theresiswuctural break in the database, but it
is not necessary to give the date of the breakl#am@ce. Based on these results | can
state that there is a structural break in the @detaln October 2008 and April 2009.

163



Liquidity Risk on Stock Markets

In general, the absolute values of the price impaattion became higher
after the turbulence of October-November 2008 aumohg 2009. Thus, a shift can be
observed in the time series data under analyster ftie stock exchange’s turbulence
the values of the virtual price impact functiongd®e on average 76% higher on the
bid side. On the ask side the values became 86%ehig the post-crisis period in
comparison to the pre-crisis period. This meanat #fter the crisis the market
liquidity has decreased notably and as a consegumiacket participants had to face
a significant increase — nearly twice as much -thm price impact, resulting in a

higher transaction cost as well, than before trsscr

2.4.5.Mean-reverting

On the basis of Figure 50 we might assume thatithe series of the virtual
price impact function do not follow a random walikstead, the values of the virtual
price impact function can be characterized by mesauersion. | have tested the
intuition of the mean reversion by the augmentedk®y-Fuller (ADF) test. While
the simple Dickey-Fuller test cannot be used ineca$ autocorrelation in the
residuals, the augmented Dickey-Fuller (ADF) test also be used in the presence of
autocorrelation (Darvas, 2004). In the ADF tests ldgged level of the series form
part of the autoregressive process. The intuitiehird the ADF test is that if the
series is integrated then the lagged level of thees will provide no relevant
information in predicting the consecutive elemehthe time series. In that case the
alternative hypothesis of having no unit root carmerejected. Thus, the time series
sample can be characterized by a unit root, whebtdrs to a random walk process.

If the autoregressive process has a unit root, thia®m asymptotic
characteristics of the estimated parameter arerdift. The characteristics depend on
the fact whether the estimated model has a drdfaarm time trend and whether the
underlying process is a random walk with lag orhaitt lag. During the research |
have used lags of orders according to Schwert (1@88ria in the ADF tests.
Besides, based on our a priori knowledge of the teries of the virtual price impact
function, | have assumed that the autoregressiveeirttas a drift, but does not have

any deterministic time trend.
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On the ask side of the virtual price impact functtbe values of the ADF test
statistics is around -2.65 for every order sizeilevhn the bid side of the PIF it is
around -2.6 for every order size. As the obtain@f-Aest statistics are lower than the
reference values in the ADF tables at each confeldavel, the null hypothesis of
having a unit-root in the time series is rejecfBlus, in the time series of the virtual
price impact function no unit-root can be foundeTack of the unit-root refers to the
fact thatthe values of the virtual price impact functionsaajiven contract size do not

follow a random walk. Instead, they can be chanaz¢el by mean reversion.

2.5.Conclusion

On illiquid markets, the participants have to caoyt a dynamic portfolio
optimization taking into account time, cost anchgaction size. To be able to solve
the task of dynamic optimization they have to hare assumption about the
underlying stochastic process, namely the procésBeotransaction cost caused by
illiquidity. 1 have introduced in this chapter haWe Budapest Liquidity Measure,
provided to the market participants by the Budaféstk Exchange can contribute to
this optimization process, since one can estimapeice impact function from the
BLM without knowing the whole order book. | haveosin a method with which one
can estimate a price impact function fast and paaiter the estimation of the price
impact function, | have made a time series analykibe function. The analysis can
help investors to forecast the future transactigm&e impact, the transaction cost
caused by the lack of liquidity and it can alsoph&d build and optimal trading
algorithm. | have based my fifth hypothesis on tinge series analysis of the price

impact function.

H5: The dynamics of the virtual price impact function can be described
by the following:

H5/a: symmetry,

H5/b: trend,

H5/c: cycles,

H5/d: mean reverting,

H5/e: shock resistance.
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S1:

S2:

S3:

S4:

Sh5:

S6:

S7:

S8:

The value of the descriptive statistics e mean, the median or the standard
deviation have shown a higher value in every casehe bid side of the
function than on the ask side. | have explainedpthenomenon with the herd
effect, namely that the virtual price impact reffe¢hat usually traders buy
stocks separately from each other, but sellingkstag often concentrated, for
example because of a panic situation.

The time series data of the virtual price intdganction do not contain trends,
however quarterly cyclicity can be discovered ia tlata.

During the cycles the price impact values lgleir minimum level in the time
of quarterly reports, while their maximum value® dralfway between two
quarterly reports.

By examining outlier data | have identifiedtGgbulent days. All these days fall
into the period of the 2008 crisis, since they barfound between 17 October
2008 and 9 April 2009.

| have also identified a structural break e time series with the aid of
formalized statistical tests.

There is a significant autocorrelation in thetaset, from which | draw the
conclusion that the impact of an incidental shoekvpils in the market data for
a longer period of time.

When liquidity ceases on one side of the dodek, then liquidity will be lower
on the other side of the book as well, i.e. theatation between the buy and
sell side price impact is very high.

The vPIF process can be described as a meaiimg process.

Based on the result the acceptation of H5 is theviing:

H5/a: | cannot reject the hypothesis that the pmapact of the bid and ask side is

symmetric.

H5/b: | reject the hypothesis that there is a trienithe vVPIF time series.

H5/c: | cannot reject the hypothesis that therecgiodes in the vPIF time series.

H5/d: | cannot reject the hypothesis that the ViBI& mean reverting process.

H5/e: | cannot reject the hypothesis that effecslwbcks on the price impact lasts

longer.
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Summary

The main goal of my research was to promote thgiggiidity as a concept

should be integrated into the daily practice ok msanagement. Within this, | have

focused on three main issues: (1) on the one haedamined the cross- and

horizontal sectional statistical attributes of BleM time series; (2) on the other hand

| have shown how the BLM indicator can be integtateto a VaR-based risk

management system; (3) finally | explained theti@tabetween the BLM and the

price impact function and | have examined the tamees of the price impact function

in order to form a view about the attributes ostimportant risk factor. Chapters II-

IV contain my own findings; | hereby present themsatements as follows:

(1) In Chapter Il. | gave an exhaustive view on thecemt of market liquidity and

the group of indicators with which market liquidity measured by the market

participants. | have observed how the average BldWier formed during the

examined period; its relationship with the two Idjty indicators which are the

most commonly used by market participants; furtreeeml have observed the

correlation between liquidity and volatility. | havexamined whether market

participants make a mistake if they — as an applitsiof thumb — only regard the

bid-ask spread and turnover data as liquidity iagics. My most important

findings were the followings:

Ranking of stocks based on the liguidity indicators

In the case of medium liquid and illiquid stockgj-Bsk spread does not give
the same ranking as BLM, however the differeng®issignificant.

In the case of liquid, medium liquid and illiquitbeks, turnover does not give
the same ranking as BLM, however the differengeissignificant.

In a calm period i.e. before and after crisis, ragkdiffers less from the

ranking provided by BLM based on turnover than fritve one based on bid-
ask spread.

During a crisis, the ranking based on bid-ask spréidffers less from the

ranking provided by BLM than from the one basedwnover.

During the crisis the rank-correlation has decrédsetween BLM and the

spread and between BLM and the turnover.

167



Liquidity Risk on Stock Markets

In the case of the medium liquid and illiquid steekwould be worthwhilego

take also the BLM into consideration as a liquiditglicator, because in their
case the ranking in the wrong order is more sigaift. In respect of these
stocks | have also shown during my analysis thatethis a chance that a

particular stock is sorted into a wrong liquidigtegory.

Change of liquidity indicators during crisis:

In the case of liquid stocks, the values of BLM ahe& bid-ask spread
returned to their pre-crisis level, while in theseaof turnover it could only be
observed in the case of OTP and MTelekom.

In the case of medium liquid and illiquid stockguidity of some stocks did
not return to the pre-crisis level according to BieM and bid-ask spread,

while it did not happen to any stocks accordingutaover.

Relation between liquidity indicators:

The correlation between bid-ask spread and BLMbmanegarded as strongly
positive, while the correlation of BLM and turnovarows a slightly negative
relation.

The less liquid a stock is, the lower the correlatbetween the liquidity
indicators.

The change of bid-ask spread has a strong explgnptower about BLM
change in the case of a liquid stock, whilst in¢hse of medium liquid stocks
this explanatory power is not significant. In ttese of illiquid stocks, bid-ask
spread change has very limited explanatory powéictwcannot even be
considered as significant before the crises.

The turnover change cannot explain BLM change & dhse of liquid and
illiquid stocks, whilst it has also only a low e&gphtory power in the case of a
medium liquid one.

Turnover and liquidity do not co-move intradailyorfinstance at the
beginning of the day liquidity is low in every casegardless whether the
turnover is big or small.

BLM can be important for those market participamtso invest in illiquid
stocks or intraday.

Each stock’s liquidity related to one another cgnificantly differ in the case

of different liquidity indicators.
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Relation between liquidity and volatility:

— On the Budapest Stock Exchange it has been juktifiet there is a positive
correlation between BLM and volatility, namely th#te more volatile
markets are, the transaction cost caused by tkeofdmuidity is higher.

— The less liquid a stock is, the lower the correlatbetween liquidity and
volatility tends to be.

— Before and during the crisis, the correlation betvehe true range and
liquidity was stronger than the one between stahdawviation and liquidity.
However, after the crisis this has reversed.

— The crisis of 2008 can be regarded as a liquidigiscbased on the liquidity
estimated from volatility, i.e. the estimated BLMlwe is lower than the
actual BLM value.

— After the crisis, the estimated BLM value is typigehigher than the actual
value, i.e. liquidity is higher after the crisesathit had been expected. The
less liquid a stock is, the typically lower the r@ation is between liquidity

and volatility.

Therefore, | have pointed out that the rules ofnthuapplied by market
participants do not lead to the appropriate investindecision regarding liquidity in
every case. Namely, | have shown that BLM is aitlqu indicator which is able to
measure the liquidity of the assets traded on tleeksexchange along more
dimensions, thus it provides a more reliable viewtlte current liquidity situation of
the market than decisions based only on turnoviex daonly on bid-ask spread. In
the case of medium liquid and illiquid stocks ituka be essential to take also BLM
into consideration as a liquidity indicator, becaus their case it is more significant
that they can be sorted into different liquidityeggories based on bid-ask spread and
on turnover. Furthermore, in the case of thesekstaorrelation between liquidity
indicators cannot be considered as tight, whiclth&rr decreases in the case of a
crisis. Therefore, BLM can be important for investevho trade in illiquid stocks.
However, during a crisis it is worthwhile to payestion to the value-formation of
the indicator also in the case of liquid stocks.

Based on the results of the analysis of the reidbetween the volatility and

liquidity it can be said that the crisis of 200780was a liquidity crisis as well,
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which means that the cause of the increased immplast was not only the increased
volatility. My results also prove the statementGgavas and Erhart (2005), that the

decrease of liquidity reflects the increase of yneeted volatility.

(2) In Chapter 1ll. | have presented a theoretical nhotlewhich | have described
how the Value at Risk calculation can be supplesgemtith liquidity risk. In the
first half of this part | have given a detailed dgstion about the literature of
liquidity adjusted VaR (LAVaR) models, while in tisecond half | presented my
own model which was based on Giot and Grammingd30%2 and Stange and
Kaseres’s (2009b) work. My contribution to theirnwas that | set up the model
on Hungarian database, because nobody had madéssstd on it before, and |
have calculated the VaR value also for liquid allidquid stocks in the case of
individual stocks and stock portfolios. My most ionfant findings are the
followings:

— | determined the net return, namely how returnudaton changes if we take
into consideration the cost that occur becauselatle of liquidity. | have
determined both for the individual stocks and fbe tvolume and value
weighted portfolios.

— Taking liquidity into consideration means a sigrafit risk increase even in
the case of the most liquid stocks both on thelle¥éndividual stocks and
portfolios. Therefore it is not advisable to igndines.

— In the case of portfolios, liquidity risk can becdesased by diversification;
therefore it is worthwhile to hold various stocksa portfolio, because thus

not only the price risk, but also the liquiditykiidecreases.

BLM and the method presented with the aid of itvide a simple and quick
way to display liquidity in the capital requiremenPaying attention to the
deficiencies and calculation problems of the indée findings should be handled
with precaution, but the presented model can apm@tety reflect the essential
empirical observations (e.g. OTP is the most ligsidck), thus in every case |

recommend its integration into risk managementesyst
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(3) In Chapter IV. | presented how to estimate a virpuece impact function with the
help of the BLM indicator, which nobody had donédoe me, i.e. the literature is
typically concerned with the estimation and modgliof the empirical price
impact function. As the estimation of the empiripate impact function is based
on the average price impact of a long period, thesnnot be a basis of a time
series analysis. Hence | examined the price impauttions from a different
approach, because in my opinion during trading itmiportant to know how the
price impact evolves in time, since traders wilsédheir trading strategy on it.
The knowledge of the behavior of the price impaciction in time helps market
actors with timing their orders. When market actbgside whether to postpone a
transaction in order to induce a lower price-shiffect on the market, then they
have to have a notion on how the price impact foncforms over time.
However, the time series analysis of the price hgan only be carried out on
the virtual price impact function, because in tase a sufficient amount of data
is available. For this reason, after the estimatbthe price impact function, |
have made a time series analysis on the functibichshad nobody had done in
the literature before. My most important findingsrer the followings:

— Estimation of a virtual price impact function fraire BLM database.

— The value of the descriptive statistics i.e. thamehe median or the standard
deviation have shown a higher value in every casdhe bid side of the
function than on the ask side. | have explainedptienomenon with the herd
effect, namely that the virtual price impact reftethat usually traders buy
stocks separately from each other, but sellingkstes often concentrated, for
example because of a panic situation.

— The time series data of the virtual price impaciction do not contain trends,
however quarterly cyclicity can be discovered ia tlata.

— During the cycles the price impact values reaclir tienimum level in the
time of quarterly reports, while their maximum veduare halfway between
two quarterly reports.

— By examining outlier data | have identified 52 tuidnt days. All these days
fall into the period of the 2008 crisis, since thean be found between 17
October 2008 and 9 April 2009.
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— | have also identified a structural break in thaeiseries with the aid of
formalized statistical tests.

— There is a significant autocorrelation in the datagrom which | draw the
conclusion that the impact of an incidental shookvpils in the market data
for a longer period of time.

— When liquidity ceases on one side of the order bdoén liquidity will be
lower on the other side of the book as well, ite torrelation between the
buy and sell side price impact is very high.

— The vPIF process can be described as a mean reygmocess. The time
series data of the virtual price impact function mimt contain trends, but

guarter-year cyclicity can be discovered in thedat

The topic of my dissertation has evolved from tb&earch activities | made in
the past and from the series of interview serigidl together with a few of my
colleagues. My dissertation shows that the marketiqgppants use simple rules of
thumb in order to be able to handle market liqgyidasily, and they use simple
indicators to measure its value. These indicatarmat capture market liquidity in
full. In my dissertation | have used the Budapegtidity Measure — provided to me
by the Budapest Stock Exchange — to show how tldgator can supplement the
information other liquidity indicators provide alothe liquidity of the market.
Moreover | have shown methods that can reducadbality risk market participants
have to face, and methods that can help decisidingpal think my achievement in
addition to the my previous statements is, thatiscuss the following in my
dissertation in great detail: the importance of keatiquidity; methods of liquidity
risk management that already exist on the market,adso new, more complex ones;
furthermore the possible research topics that cbealdndertaken in the future.

For further research directions a number of prolsdsave emerged during my
examinations, of which I intend to highlight the shomportant ones:

— Concerning the set-up of the LAVaR model an imparessumption was that
the BLM(q) function can be estimated by a line. W&hn the case of daily
data we can state that the BLM(q) function can le# approached by a line,
on the other hand it is not valid for the intradi®ya anymore. Namely, for the

modeling intradailywe need to estimate the shape of the BLM(q) fundhio
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every moment of time, which is a complex task. Theaday BLM(Q)
function can take on any shape, it can either bevedq concave or even a
line. Since the daily BLM-value is calculated as #iverage of the intraday
values, as the consequence of this averaging ttidemmtally outlier values
have sleeked into the average, which resultedarfdbt that | could approach
the daily BLM(q) function well with a line. For thestimation of the shape of
intraday BLM(qg) functions, the methods applied tbe estimation of the
yield curve can possibly provide a solution dursudpsequent research.

The determination of the LAVaR values based oragdy data referring to
the portfolio is a further direction, which can &e essential issue to e.g. the
portfolio managers. However, the modeling of tkisicomplex task, since the
BLM(q) function has to be estimated every secomdich can have very
different patterns during the day.

During the LAVaR modeling a further assumption what the order book is
symmetric on the bid and the ask sides. In theréytBLM value could be
divided directly into its components — the bid-agkead and the bid and ask
side adverse price movement — and after this separtéhe bid and ask side
LAVaR values could be estimated.

Concerning price impact functions as well, in thaufe it may be interesting
to examine how this function develops intradaily.

It would also be worthwhile to examine how the emgpl and the virtual
price impact functions are related to each otheith\Whe comparison of the
two functions it could be determined whether thera need to estimate the
empirical function at all, or it is sufficient tonkw the virtual price impact
function during investment decisions. However, iakes it difficult to
compare that the virtual price impact function banestimated even for every
moment, whilst the empirical price impact functioan only be determined
based on a relatively longer period, e.g. for a tmdmsed on real trades.
Moreover, the empirical price impact function ist mtigible to make a time
series analysis thereon, thus it can only playsa lmportant role in market
actors’ investment decisions than the virtual pnopact function.

Lastly it is worth to mention that it would be vargportant to use the nature

of liquidity as transaction cost — which is quaetif by BLM on the stock
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exchange — for a comparison of each market. Comganiy findings with the
results of other markets — in the absence of apjatepdata — is for the time
being not possible. Namely, the estimation of tradesaction costs presumes
the knowledge of databases hardly or not at alil@vea. Actually, thus I can
only hope that in the future more and more databasd studies which allow

comparative analysis will be at researchers’ antketactors’ disposal.
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