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LIQUIDITY IN EMERGING COUNTRY BOND MARKETS: A
COMPARISON OF BID-ASK SPREAD PROXIES AND DETERMINANTS
OF BID-ASK SPREAD

SUMMARY

Many of the emerging market countries have been issued large amounts of local
currency bonds in order to finance their budget deficits. Therefore, the attention to the
emerging country bonds increased and, different aspects of these assets are
investigated in order to analyse market microstructures. Liquidity is one of the most
important characteristics of the financial assets and markets. As liquidity affects asset
returns, investment decisions and market characteristics, all of the market participants
are attracted to measurement and forecast of a financial security’s liquidity. So,
liquidity measurement is essential to understand market dynamics. The bid-ask spread,
which is the difference between the best bid and ask prices, represents the explicit trade
costs, and is an important liquidity measure.

In this thesis, we look for an efficient way to estimate the bid-ask spread for sovereign
bonds, and analyze the bond-specific and country-specific determinants of the bid-ask
spread in the emerging market countries. The performances’ of the bid-ask spread
measures are compared, and the bond-level characteristics' effects on the bid-ask are
investigated.

We implement empirical analysis on two distinct data sets. For the first data set, we
analyze Turkish sovereign bonds traded in Borsa Istanbul Debt Securities Market. We
build a relative quoted bid-ask spread as a benchmark using intraday quote data, and
compare the forecast performances of the bid-ask spread measures. According to the
regression results, the spread measures that use low-frequency data are able to
represent and estimate spread dynamics, and Closing Percent Quoted Spread
outperforms the other measures. Moreover, a panel data analysis is applied to
investigate the bond specific features’ effects on the bid-ask spread, and the regression
analysis shows that bond liquidity is significantly affected by bond specific features.
The shorter term to maturity or the greater trade volume, the narrower relative bid-ask
spread. Further, bond type is significantly influential on the bid-ask spread.

For the second data set, we analyze sovereign bonds from six emerging market
countries. A panel regression model is implemented in order to examine the country-
level and bond-level features’ effects on the sovereign bond bid-ask spread and
liquidity. According to our empirical analysis, issuer country credit risk, market return
and bond vyield are statistically significant determinants of the bid-ask spread for
emerging country sovereign bonds.
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GELISMEKTE OLAN ULKE TAHVIL PIYASALARINDA LiKIDIiTE: ALIS-
SATIS YAYILMA ARALIGI GOSTERGELERININ KARSILASTIRILMASI
VE ALIS-SATIS YAYILMA ARALIGININ BELIRLEYICILERI

OZET

Bir finansal varligin likit olmas1 mevcut piyasa fiyatini1 nemli 6l¢lide etkilemeksizin,
disik maliyetle, hizli ve istenilen zamanda islem yapilabilmesi olarak
tanimlanmaktadir. Likidite, uygun maliyetle makul bir zaman igerisinde islem
gerceklestirebilme yetenegi olarak da tanimlanabilir. Etkin ve verimli bir piyasa igin
likidite son derece onemlidir. Ayrica, likidite varliklardan elde edilen getiriyi de
etkilemektedir. Bu sebeplerden dolay:1 yatirimeilar, ihraggilar, araci kurumlar, iglem
platformlari, piyasa diizenleyicileri ve denetleyici kuruluslar i¢in likiditenin varligi ve
dogru bir sekilde 6l¢iilebilmesi 6nem arz etmektedir.

Her ne kadar likidite kavramindan bahsetmek ve tanimlamak kolay olsa da, likiditenin
dogru bir sekilde 6lgtimii ve farkli boyutlarini kavrayabilme konusu oldukga zordur.
Likiditenin farkli boyutlarindan bahsedilmis olmakla birlikte, alig-satis yayilma araligi
(bid-ask spread) islem maliyetlerini direkt yansitan bir 6zellik oldugu igin oldukga
Oonemlidir. Bu ¢aligmada likiditenin bu yonii tizerinde durulmustur.

Likidite ve alig-satis yayilma araliginin 6l¢iimiiniin 6nemi dolayisiyla literatiirde ¢ok
sayida model ve teori gelistirilmistir. Bu modeller kullanilan veri sikligina gore
siniflandirilabilir. Yiiksek siklikli veri kullanan modeller giini¢i emir ve islem
bilgilerini kullanirken, diisiik siklikli veri kullanan modeller ise giinliik, haftalik veya
aylik sikliktaki islem ve emir bilgilerini kullanmaktadir.

Modellerin sayisinin artmasiyla birlikte bu modellerin performanslarini karsilagtiran
cok sayida calismalar yapilmistir. Gelistirilen modeller oncelikli olarak hisse senedi
piyasalar1 i¢in gelistirilmis ve test edilmistir. Ancak son yillarda sabit getirili menkul
kiymet, emtia, borsa yatirim fonu ve doviz piyasalar1 basta olmak iizere farkli piyasalar
icin de mevcut modeller kullanilmis ya da farkli piyasa dinamiklerine uygun olacak
sekilde mevcut modeller modifiye edilmistir. Ve yine bu piyasalarda Ol¢iim
modellerinin  performanslar1  karsilastiran ¢alismalar da mevcuttur. Mevcut
calismalarin sonuclarina gore tiim piyasalar ve varlik tipleri icin her zaman en iyi
sonucu veren bir model mevcut degildir, modellerin performanslari farkli zamanlarda
ve farkli piyasa yapilarinda degisiklik gostermektedir. Ayrica, bildigimiz kadariyla
boyle bir performans karsilastirmasi gelismekte olan iilkelerin sabit getirili menkul
kiymet piyasalari i¢in yapilmamaistir.

Global finans krizi sonrasinda gelismekte olan iilkelere artan sermaye akis1 sonrasinda,
bu iilke hazinelerinin sabit getirili menkul kiymet ihraclarinda 6nemli bir artis s6z
konusudur. Bu piyasalara ve sabit getirili menkul kiymetlere artan ilgi dolayisiyla bu
varliklar i¢in likidite 6l¢iimii de 6nem kazanmistir. Bu ¢alisma kapsaminda farkli alig-
satig yayllma aralig1 6l¢lim modellerinin tahmin performanslar: karsilastirilmis ve ek
olarak alig-satis yayilma araligini etkileyen degiskenler incelenmistir. Alig-satis
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yayilma araligi tahmin modellerinin performanslari ve alis-satis yayilma araligini
etkileyen degiskenlerin incelenmesi kapsaminda iki farkli veri seti kullanilmastir.

Ik veri setinde Borsa Istanbul Bor¢lanma Araglar1 Piyasasi’nda islem goren devlet
tahvilleri incelenmistir. En yiiksek islem hacmine sahip devlet tahvillerine ait giin i¢i
en iyi alis ve satig fiyat farklarinin zaman agirlikli ortalamalar1 kullanilarak, gergek
zamanl bir alig-satis yayilma aralig1 gostergesi hesaplanmistir. Ayrica her bir kiymet
icin Round Trip, Close-High-Low, Roll, Fong-Holden-Trzcinka, Corwin-Schultz,
Interquartile Range ve Closing Percent Quoted Spread yontemleri ile alig-satis yayilma
aralig1 tahmin edilmistir. Aylik tahmin sonug¢larmin performanslari i¢in zaman serisi
ve kesitler arasi regresyon modelleri uygulanmistir. Korelasyon katsayilarinin yani
sira, ortalama hata (MBE), ortalama mutlak hata (MAE) ve ortalama hata kareleri
karekokii (RMSE) olgiitleri kullanilarak modellerin performanslari karsilastirilmistir.
Ayrica ayni veri seti ile tahvil 6zelliklerinin alig-satis yayilma araligi {lizerindeki
etkileri incelenmistir. Bu kapsamda islem hacmi, vadeye kalan siire, dolagimdaki
tahvil tutari, piyasa yapicisinin varligi, valor giinii ve tahvil tipi degiskenleri panel
regresyona bagimsiz degiskenler olarak dahil edilmistir.

Ikinci veri setinde ise 6 farkli gelismekte olan iilkeden 33 adet yerel para birimi
tizerinden ihra¢ edilmis devlet tahvili yer almaktadir. Bu tahviller i¢in de giin i¢i en iyi
alis ve satis fiyat farklarinin ortalamalart kullanilarak, giinliik alig-satis yayilma araligi
hesaplanmistir. Ardindan, varlik takas yayilma aralig1, durasyon, tarihsel oynaklik, baz
puan degeri, getiri ve ihrage1 lilke kredi temerriit takasi gibi bagimsiz degiskenler
kullanilmis, ve bu degiskenlerin alis-satis yayilma aralig1 tizerindeki etkileri panel
regresyon analizi ile incelenmistir.

Sonuglara gore diisiik siklikli veri kullanan tahmin yontemlerinin gercek zamanli alis-
satis yayilma araligi tahmininde etkili oldugu soylenebilir. Bu tip yontemlerle
tahminlerdeki tutarlilik belirli bir oranda azalsa da, daha az veriye ihtiya¢ duymasi ve
daha az hesaplama yapilmasi, diisiik siklikli veri kullanan tahmin yontemlerinin
kullanilmasini avantajli hale getirmektedir. Diger bir ifadeyle hesaplama ve veriye
erisim kolayliklarinin getirdigi faydanin, tahmin dogrulugundaki azalmaya iistiin
geldigi sOylenebilir. Ayrica, gilinliik veri kullaniminmin alig-Satis yayilma aralig
tahmininde yeterli oldugu da sdylenebilir. Hem zaman serisi hem de kesitler arasi
regresyon sonuglarina gore Closing Percent Quoted Spread yonteminin diger
modellerden daha basarili tahmin sonuglari elde ettigi gériilmiistiir.

Ayrica tahvil 6zelliklerinin de alis-satis yayilma aralig tizerinde 6nemli etkileri vardir.
[k veri setine gore islem hacmi, vadeye kalan siire ve tahvil tipi alig-satis yayilma
aralif1 lizerinde 6nemli derecede etkilidir. Daha uzun vadeye kalan siire veya daha
diisiik iglem hacmi, daha genis alig-satis yayilma araligina sebep olmaktadir. Ayrica
degisken faizli tahviller ortalama olarak daha dar alig-satis yayilma araligina sahiptir.
Ikinci veri setine uygulanan panel regresyon sonuglarma gore ihragcr iilke kredi
temerriit takas primi, ihragci iilke piyasa getirisi ve tahvil getirisinin alig-satis yayilma
aralig1 iizerinde 6nemli etkileri mevcuttur. Thrage iilke kredi temerriit takasinin yiiksek
olmasi, piyasa getirisinin yiiksek olmasi veya tahvil getirisindeki azalis alig-satis
yayilma aralig1 lizerinde artirict etki yapmaktadir.

Distik siklikli veri kullanan tahmin yontemlerinin kullanimi ve tahvil 6zelliklerinin
alig-satis yayilma aralig1 iizerindeki etkilerine iliskin elde edilen sonugclar literatiirde
mevcut olan c¢alismalar1 biiyiik 6l¢tide desteklemektedir. Literatiirde farkli varhik
tipleri ve pazarlar hakkinda mevcut olan sonuglarin, gelismekte olan iilkelerin sabit
getirili menkul kiymet piyasalari i¢in de biiylik 6l¢iide gecerli oldugu sdylenebilir.
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Bildigimiz kadariyla, literatiirde finansal varlik ve lilke seviyesindeki degiskenlerin
likidite ve alis satis yayilma araligi ile iliskilerini irdeleyen bir takim ampirik
calismalar bulunmakta ve bunlar genellikle hisse senedi piyasalarini ya da gelismis
ilkeleri kapsamaktadir. Bu ¢alisma ile gelismekte olan tilkelerin sabit getirili menkul
kiymet piyasalarinda likiditeyi etkileyen olgular1 ampirik olarak irdelemekteyiz. Elde
edilen sonuglar tahvil ve iilke seviyesindeki degiskenlerin etkilerini gostermektedir.
Piyasa diizenlemeleri, portfoy yonetimi ya da islem stratejilerine yonelik olarak
sonuglar belirli noktalara 1s1k tutabilecektir. Ayrica, likidite 6l¢iimii konusunda
kolaylik saglayacak yontemlere yonelik olarak ampirik kanit sunulmaktadir.
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1. INTRODUCTION

Liquidity is an important aspect of the financial markets, and it is crucial for every
kind of financial assets, especially during rough times. Even it is easy to define
liquidity, liquidity is not obviously apparent for every asset every time. So, liqudity
measurement is not always readily available. Additionally, liquidity plays an important
role in the decision making processes of investors, traders, issuers, regulators, market
makers, and exchanges. Hence, measuring liquidity accurately has great importance,

and the accuracy of liquidity measurement is vital for the market participants.

Liquidity has many aspects, and most of these aspects are not observable every time.
However, the bid-ask spread is an explicit measure of transaction costs. It is the price
difference of the best bid (buy) and ask (sell) orders at a certain point in time for a
given security, and represents execution cost of sequential buy and sell trades of equal
amounts. Amihud and Mendelson (1986) say that the bid-ask spread is a natural
measure of illiquidity. Additionally, Fleming (2001) asserts that the bid-ask spread is

convenient for surveillance and appraisal of the US Treasury market liquidity.

Even though, the bid-ask spread of a financial security could be calculated with high-
frequency data, availability of the required data could be restricted or access to such
data could be costly. Thereupon, many kind of proxies that does not require high-
frequency data are produced to reduce calculation burden and dependency on high-
frequency data. There are plenty of liquidity measurement models in the literature. The
models require different kinds of data, and are established on distinct underlying
rationales. Therefore, the low-frequency methods are deeply investigated in order to
discover how effectively they can measure liquidity and whether they are able to

substitute the high-frequency models.

Most of the existing empirical researches in the literature, which predict the bid-ask
spread, focus on stock markets. Due to the data availability and conveinence of stock
markets, it is reasonable that the focus is on stock markets. On the other hand, the

volume and market capitalization of the bond markets are greater than those of stock



markets. Also, due to the increased data availability and importance of bond markets,
the number of researches on the bond markets has increased. As the stock markets
differ from the bond markets because of their characteristics and market structures,
implementing of such measures in the bond markets may be questionable and effective

estimation of the bid-ask spread may not be possible.

Firstly, the stocks are generally centrally traded and stock trades occur at organized
exchanges, while ratio of bond trades in organized exchanges are quite lower, since
OTC trades are more commen for bonds. Data availability of the OTC bond markets
are mostly restricted, and even though some of the bond trades take place in an
organized platform, the high-frequency data availability could be limited.
Additionally, retail trades are more widespread in stock markets, whereas bond trades
are mostly between institutional investors or dealers. Furthermore, an issuer typically
have a great number of bonds, and each of these bonds has distinct characteristics, like
coupon interest, coupon frequency, and maturity date. On the other hand, an issuer
mostly have a single type of traded stock, and the stocks are homogeneous. Moreover,
many bond investors buy and hold these securites instead of trading frequently. Buy
and hold strategy of bonds reduces the number of available security that is tradeable.
Due to market structures, it is reasonable that the total number of trades of a bond, on
average, is less than the number of trades of a stock. For example, according to Darbha
and Dufour (2013), only a few trades per security occur in a day, even for the most
liquid bonds, in the largest electronic government fixed-income securities trading
platform of Europe, Mercato dei Titoli di Stato, but the aggregate volume of fixed-
income securities typically is greater than the aggregate volume of stocks. Because of
lower data availability and ease of calculation, the low-frequency bid-ask spread
proxies could be preferred for fixed-income securities. On the other hand, the models
in the literature are mainly developed for stock markets, so using these models in
centrally organized or OTC fixed-income securities markets may be doubtful.

On the other hand, many studies show that the low-frequency measures are able to
measure liquidity properly for the bond markets (Diaz & Escribano, 2019; Langedijk
etal., 2018; Schestag et al., 2016). Additionally, Diaz and Escribano (2017) assert that
using the low-frequency measures in the corporate bond markets is economically and
statistically significant. Moreover, Jahan-Parvar et al. (2019) report that the low-
frequency measures are significantly biased upwardly for financial securities, which



have lower volatility and higher transaction costs, such as bonds. Further, Chordia et
al. (2004) assert that the correlations between bond and stock liquidities are
significantly positive, and the patterns of these markets’ liquidity movements are
analogous. In other words, different asset types may have similar liquidity
characteristics. According to the existing literature, the bid-ask spread measurement
models which are mainly established for the stock markets may also be employed in
the bond markets. Nevertheless, due to the differences in data and market structures,
results may be biased. So, model selection must be performed diligently, and if there
Is any requirement for a modification in the models, the modifications must be

implemented properly.

Different spread prediction methods are created in order to fulfill distinct needs, such
as transaction cost analysis or liquidity measurement. Diaz and Escribano (2020)
examine diffent liquidity measures and dimensions of liquidity, and report that there
is no single measure that could be called as a solely liquidity indicator. Additionally,
they assert that model selection must depend on the research question and asset
characteristics, as there is no universal liquidity measure. Different market
specifications, trade dynamics, and asset characteristics lead to discrepancy of the
measures’ performances, and there is no measure that is able to suit different asset

classes.

There have been significant enhancements in the emerging country sovereign bond
markets within the last decade. Many of the emerging country treasuries have issued
significant amounts of fixed-income securities in order to finance their budget deficits.
Particularly after the global financial crisis, capital flows have been steered into the
emerging market countries. Since the market size increases and investors’ focus head
towards to those markets, identification of the liquidity determinants and measuring

liquidity efficiently become more of an issue.

Additionally, there are plenty of researches in the literature which try to identify and
model the relation of financial security features and its liquidity for different asset
classes. However, as far as we know, none of the existing literature focuses on the
emerging country sovereign bond markets. Therefore, we examine this relation for six
emerging countries, so this study targets to contribute to the literature of bond liquidity
in the emerging countries via finding efficient ways to measure liquidity and
understand its determinants. The previous evidence about the liquidity on bond yield



spreads and returns (Lesmond, 2005) indicates the significance of understanding the

bond-level determinants of the bid-ask spread and liquidity.

The main motivation of this thesis is to compare the high-frequency and low-frequency
bid-ask spread measures' performance, and to exhibit whether the low-frequency
proxies are able to replace the high-frequency measures. Also, the bond
characteristics’ effects on the bid-ask spread are analyzed for the emerging country

fixed-income securities markets.

The findings of this thesis may be meaningful for fixed-income securities markets
participants, such as investors, issuers, and regulators. Since the implicit and explicit
transaction costs affect return on an investment, analysis of liquidity and its costs in
the secondary markets become a major issue for the investors. Additionally, as the
trade costs in the secondary markets have effects on the investors’ decisions, liquidity
have impact on the cost of borrowing for the issuers. So, the issuers consider the
secondary market structures and liquidity as significant attributes. Also, as the
regulators’ objective is to make markets efficient and sustain fair competition, they
investigate liquidity in the secondary markets to explore the relationship between

market structure and efficiency.

The rest of this thesis is structured as follows: Section 2 includes the literature review
on liquidity and introduces the existing bid-ask spread measures, Section 3 describes
the data set and empirical methodology. Section 4 exhibits the results of models

decribed in the previous section, and Section 5 concludes the study.



2. LITERATURE REVIEW

2.1 Concept of Liquidity

Foucault et al. (2013) describe liquidity as the degree of how an order could be
executed at fair value within a reasonable time period. According to Stange and
Kaserer (2009), liquidity is the ease of trade for a financial security. They assert that
the liquidity term can be used in three distinct meanings. Firstly, it may be used to
indicate the liquidity of a firm, which is also called solvency. The term “funding
liquidity” can be used to refer to the liquidity of liability side of a company’s balance
sheet. Second use of liquidity is called “asset liquidity” or “market liquidity” which
designates a characteristic of a tradable asset. From an investor’s perspective, liquidity
represents the ease of trading an asset. Thirdly, the liquidity term addresses the

liquidity of whole economy.

Foucault et al. (2013) refer funding liquidity of a company as having enough cash or
the ability to acquire credit in order to meet a company’s obligations without large
losses; and they denote monetary liquidity as the monetary base or broader monetary
aggregates. They also mentioned about the relation between funding liquidity and
market liquidity in several ways: Firstly, both of them are worthy for the same reason,
people hold securities which can be immediately liquidated to meet consumption
requirements; secondly, funding liquidity is a precondition for market liquidity, since
the greater funding liquidity of a market maker, the greater market liquidity of a
security; thirdly, more liquid markets enable traders to fund leveraged purchases or
short sales cheaper which creates a feedback from market liquidity to funding liquidity.
Additionally, they state that monetary liquidity has relationship with funding liquidity
and market liquidity; expansionary (contractionary) monetary policy of a central bank
increases funds available to banks which tends to increase (decrease) funding liquidity,

thus market liquidity.

Kyle (1985) describes liquidity as a slippery and elusive concept. Similarly, Baker
(1996) asserts that none of the liquidity definitions is universally accepted or



theoretically correct, so there is no single definition of liquidity. Schwartz and
Francioni (2004) say that a liquid asset is in cash or is readily convertible into cash.

Lybek and Sarr (2002) mention about four different types of liquidity: asset liquidity,
an asset’s market liquidity, a financial market’s liquidity, and liquidity of a financial
institution. According to them, asset liquidity refers to how easily an asset can be
converted into cash under normal circumstances, and the emphasis of this definition is
on immediacy and transactions costs; while an asset’s market liquidity has a broader
meaning, which is related to how easily large amount of a security can be disposed of
rapidly at a reasonable price, in the absence of informative shock that changes the
security’s fundamental price. A financial market’s liquidity refers to how liquid the
each asset traded in a market and the interaction of these assets in terms of being
substitutes, and the liquidity of a financial institution refers to how flexible an
institution to cover its asset-liquidity mismatch by conducting financial transactions.
In this thesis, the term of liquidity refers to asset liquidity.

O'Hara (2007) reports that the markets supply liquidity and price discovery, and
liquidity problems occur due to the non-synchronicity of buyers and sellers. She also
says that the market microstructure straightly has effect on asset returns via its impact
on liquidity. Hence, a better market is able to supply liquidity less expensively, and let

the buyers to pay less and the sellers to receive more for an asset.

Black (1971) says that a liquid market is a continuous and efficient market. In other
words, in a liquid market, almost any amount of a security can be traded immediately,
transactions with small amounts can be executed at prices very close to the market
price, and large transactions can be executed over long periods of time at close prices

to market prices on average.

Kyle (1985) mentions about three properties of the market liquidity: Tightness, the
cost of executing a transaction in a short period of time; depth, the volume available
to absorb gquantities without creating a large effect on the market price; resiliency, how
quickly the prices can recover from an unexpected shock. In addition to these three
characteristics, Lybek and Sarr (2002) mentioned about two other characteristics of
market liquidity; immediacy, the speed at which orders can be executed and represents
the efficiency of a trading system; and breadth means that there are enough number

and volume of orders which have very low effect on the prices.



Aquilina and Suntheim (2016) state that liquidity is a result of the relation between
different features of a market; how the securites are traded, which kinds of participants
involve in trading activity, and the characteristics of the securities. For example, they
say that the bond market liqudity is expected to be lower than the equity market
liquidity, since fixed income securities typically are less standardised than equities,
and investors mostly hold such securities until maturity. Additionally, Benos et al.
(2020) report that a centralized clearing leads to greater liquidity and narrower bid-ask

spreads, as a result of increased dealer competition.

According to Amihud et al. (2006) the exogenous transaction costs are among the
sources of illiquidity; when a security is traded, transaction costs, such as brokerage
fees, order processing costs or taxes, occur for the buyer and the seller; additionally,
the buyer awaits for an additional transaction cost in case of a possible future sale.
They also denote that demand pressure and inventory risk are the sources of illiquidity.
Demand pressure occurs since not all of the agents are available in the market every
time, which means if a market participant have to liquidate a security in a short period
of time, the usual buyers of that security may not be accessible to execute the sell order.
Hence the seller may prefer to sell the security to a market maker, who is exposed to
price change risk while he holds the security in his inventory. So, a market maker
requires a compensation for such a risk, which increases the cost on the seller. They
also say that trading may be costly due to a private information that the counterparty
of the trade may have, such private information may be about the fundamentals of a
security or the order flow.

Additonally, Amihud et al. (2006) say that the security prices should be affected by
the illiquidity costs if investors demand extra return for bearing illiquidity, and risk
averse investors may demand extra return due to the exposure to liquidity risk, since
liquidity may change over time. They report that such influences of liquidity on asset
prices are important, since investors require them to build investment strategies, and
the cost of capital and the allocation of real resources are partially determined by the

liquidity costs and risks.

O’Sullivan and Papavassiliou (2020) assert that a country’s sovereign bond market
liquidity significantly affects the CDS spreads, volatility, asset returns and liquidity
not only in its own region but also in its interconnected bond markets. Additionally,



Bampinas et al. (2020) report that the bond market liquidity risk is associated with the
risks in the European CDS market.

2.2 Measuring Liquidity

As mentioned earlier, there is no single definition of liquidity and liquidity is described
as a complex and intangible notion. Amihud et al. (2012) mention about liquidity and
its opposite, illiquidity, as elusive concepts and say “you know it when you see it, but
it is hard to define”. In other words, liquidity cannot be observed directly. Instead,
different aspects (or characteristics or dimensions) of liquidity are defined, and a vast

number of measurement techniques are developed in order to measure liquidity.

According to Foucault et al. (2013), liquidity measurement is quite important for not
only practitioners, i.e. investors and intermediaries, but also researchers and regulators.
They say that practitioners aim to minimize the liquidity effects on their investments,
as lack of liquidity impacts portfolio returns, while researchers and regulators analyze
the relationship between market structure and market performance. For example, Ho
and Ho (2020) assert that market regulations improve liquidity for the investment

grade bonds, while there is no significant effect for the non-investment grade bonds.

Because of the differences between liquidity measurement techniques and the distinct
characteristics of market structures and mechanism, market features must be
investigated cautiously. Additionally, as liquidity measurement techniques are mostly
based on historical data, they produce results that depends on the historical events only.

So, one should be aware of the usage of historical data and its limitations.

One of the most widely used measures of asset liquidity is the bid-ask spread, which
shows the cost of immediate execution. Wyart et al. (2008) assert that the liquidity of
an asset is partly characterized by the bid-ask spread, which shows the cost of an
instant round-trip trade of the asset. Nevertheless, the bid-ask spread only shows the
cost for a marginal trade and does not gives information about how large the volume

can be executed at this level of cost.

Bollen et al. (2004) say that understanding the determinants of a market maker’s bid-
ask spread is crucial for several reasons. The bid-ask spread helps to determine the
market design, i.e. number of market makers, and optimal price tick. Additionally, for

a regulatory body, the bid-ask spread shows the fairness of the market makers.



Foucault et al. (2013) assert that illiquidity is often measured by the trading costs,
which have implicit and explicit components. Transaction taxes, brokerage
commissions, trading fees, clearing fees, and settlement fees are the explicit costs,
which are clearly known and easily measurable by the final investors. However, the
implicit costs generally show up due to market illiquidity, and they are usually gauged
by the difference between the execution price and the benchmark price, which is used

as a substitute for the price that could be available in a perfectly liquid market.

Most of the liquidity measures can capture only a single aspect of liquidity. While
some measures may combine several dimensions, there is not a measurement
technique that can capture all dimensions of liquidity. As Lybek and Sarr (2002)
mention there is apparently no single measure that can measure depth, breadth,

tightness, immediacy, and resiliency.

Amihud et al. (2006) assert that all of the liquidity measures have an error due to
several reasons: Firstly, a single measure is not able to capture all aspects of liquidity;
secondly, the measurement techniques, which are empirically derived, lead to a noisy
estimation of the real parameter; and thirdly, the low frequency data used for
estimation increases the measurement noise. They report that these errors bias the
estimated coefficients downward (towards zero), which means that it is hard to identify

the effects of liquidity when it exists.

Lybek and Sarr (2002) categorize liquidity measures into four classification:

e Transaction cost measures, which gauge the costs of trading financial securities

and frictions in the secondary markets,

e Volume based measures, which primarily measure breadth and depth,
differentiate liquid markets by comparing transaction volume with price

variability,

e Equilibrium price based measures, which mainly gauge resiliency, attempt to

capture price movements towards to equilibrium prices,

e Market impact measures, which measure resiliency and speed of price

discovery, try to differentiate price movements due to the degree of liquidity.



Schestag et al. (2016) classify liquidity measures as high-frequency measures and low-
frequency proxies; the high-frequency measures are based on intraday data, while the

low-frequency proxies use daily price, quote and volume data.

2.3 The Bid-Ask Spread

Amihud and Mendelson (1986) assert that the cost of immediate execution is a
measure of illiquidity, and the bid-ask spread is a natural measure of illiquidity. They
say that a tradeoff occurs when an investor wants to transact a security: He has to wait
until a favorable price appears in the market, or he executes at the available market
prices. The quoted ask price contains a premium for immediate execution, and the
quoted bid price includes a concession for immediate execution. The difference
between the bid and ask prices, which is called as the bid-ask spread, is a natural
measure of illiquidity, and it is negatively correlated with the certain liquidity

characteristics.

Amihud and Mendelson (1986) study the effect of the bid-ask spread on the returns of
stocks, and find out the following characteristics: Average returns are an increasing
function of the bid-ask spread, asset returns increase with the bid-ask spread (net of
trading costs), securities with higher bid-ask spread are held by the investors with
longer holding periods, i.e. there is clientele effect exists, and the returns on higher-
spread securities are less spread-sensitive, that produces a concave shaped return-

spread diagram.

Amihud and Mendelson (1986) also say that the relationship between higher-yield and
higher-spread encourages firms to increase the liquidity of their securities in order to
reduce their cost of capital. Therefore, increasing liquidity of a firm’s traded securities

may boost the firm value.

Amihud (2002) shows that stock returns are positively correlated with illiquidity, and
market illiquidity increases ex ante excess stock return. This argument may also be
valid for the fixed income securities. Chen et al. (2007) find that the liquidity of a bond
is the key determinant of the bond yield spread, whether the bond is investment-grade

or not.
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2.4 Measures of the Bid-Ask Spread

2.4.1 Quoted spread

The quoted bid-ask spread is the difference between the best ask quote and the best

bid quote available in the market. The quoted spread, S, is represented in equation 2.1.

S=a-b (2.1)

where a is the best ask quote and b is the best bid quote.

According to Foucault et al. (2013), the quoted spread is an appropriate measure of
trading costs for relatively small orders that can be filled entirely at the best price
levels, it is the most widely reported liquidity measure, and it is what people really

mean when referring to the bid-ask spread.

2.4.2 Relative quoted spread

The relative quoted spread is calculated via normalisation of the quoted spread, S, by
the midprice, m, as in equation 2.2.

S a—>b

“m (a+b))2 (2.2)

2.4.3 Weighted average spread

For large orders which cannot be entirely filled at the best bid or ask prices, the quoted
spread may result in misinformation. Instead of the relative quoted spread, the
weighted average of bid-ask spread would be more useful and appropriate. Moreover,
implementation of a relative spread can help to grasp comparable results. The relative

weighted average spread is calculated as represented in equation 2.3.

_a(@) - b(Q
N m

s(q) (2.3)

where a(q) is the average execution price for a buy market order of size g, b(q) is the

average execution price for a sell market order of size g, and m is the midprice.

In order to calculate the weighted average spread, order book data and quotes posted

at various points in time are required, as such information is not always available,
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practitioners and researchers use measures based only on transaction prices and the
quoted spread (Foucault et al., 2013).

2.4.4 Effective spread

The quoted spread or the other spread measures based on the quoted spread represent
a snapshot of the liquidity available for a theoretical transaction, while the effective
half-spread, which is the difference between the trade price of an executed market
order and the midquote just before the trade, uses the actual obtained prices in the
market (Foucault et al., 2013).

The effective half-spread is calculated as in equation 2.4, and the relative effective
spread is defined as seen in equation 2.5.

Se=d(p—m) (2.4)

p—m

Se = ZdT (2.5)

where p is the execution price, m is the midquote just before the transaction and d is
the order direction indicator that equals to “-1” for market sell orders and “1” for
market buy orders (Blau et al., 2018).

2.4.5 Realized spread

According to Foucault et al. (2013), if the prices move in the direction of the trade
after the trade, quoted spread and effective bid-ask spread are likely to overestimate
liquidity demanders’ trading costs. In order to overcome that problem, they propose
the realized half-spread, which is the difference between trade price and midprice at
some time (A) after the trade. The time interval (A) should be long enough to make
sure that the quotes in the market are adjusted to reflect the price impact of the trade.
The realized half-spread is calculated as represented in equation 2.6 and equation 2.7.

Sy =d(pr — Meyp) = de(pe — me) — de(Mpyp — M) (2.6)

E(Sy) = E(Se) — E(di(mpyp —my)) (2.7)

where p; is the transaction price, d; is the direction of market order, and m; is the

midprice at time t.
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According to equation 2.6 and equation 2.7, if the change in the midprice just after the
the trade is positively correlated with trade direction, the average realized spread is

narrower than the average effective spread (Foucault et al., 2013).

When the data required to calculate the midprice is unavailable, accessible data
alternatives can be used. Daily close price, daily opening price or daily average prices

are such alternatives. For example, volume weighted average price is calculated as in

equation 2.8.
VWAP = Total LC value of trades Z
"~ Total traded quantity e tPe (2.8)
where w; = %, p; is the price of trade, g, is the quantity of trade, and T is the chosen
t
time interval.

2.5 Estimation of the Bid-Ask Spread

In the literature, there are plenty of models, which analyze and estimate the bid-ask
spread. Based on the data frequency used, the bid-ask spread measures can be
classified into two groups; low-frequency and high-frequency measures. Low-
frequency measures require daily or less frequent data, such as daily high, low, close
prices, quote, or volume data. The ability to forecast bid-ask spread accurately with
lower data requirements and calculation burden makes the low-frequency measures
favourable, since liquidity measurement is vital for the market participants. The low-
frequency data is used in order to compute some metrics which are liquidity proxies,
and these metrics approximate a financial security’s liquidity. Whereas, the high-
frequency measures depend on intraday data, such as order flow, intraday trade price,
intraday quote, or trade-based volume information. These measures immediately

gauge the real-time bid-ask spread of an asset available in the market.

Roll (1984) pioneered the low-frequency proxies by using serial covariances of asset
returns in order to estimate the bid-ask spread. Since the model only relies on trade
price data, it is advantageous and easy to use. However, it is criticised due to the

drawbacks in long-term estimation performance.

According to Roll’s model, the orders are not serially correlated, the probability of an
order being buy or sell is equal. Choi et al. (1988) developed Roll’s model by loosing
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the assumption of conditional probability of consecutive transactions at bid or ask
being equal to 0.5.

Stoll (1989) said that Roll’s model estimates the realized spread but does not examine
the relationship between quoted spread and realized spread. He modelled time series
behavior of the spread, and examined the relation between realized spread and quoted
spread. He added magnitude and probability of price reversal to the model in order to
break down the bid-ask spread into three components; order-processing costs,

inventory-holding costs, and adverse information costs.

George et al. (1991) extended the previous models by including expected returns into
their model. They assumed that the probabilities of trades being at bid or ask prices
are equal, and the spread does not depend on trade size. They showed that the previous
estimators of the spread components are biased because of the positively auto-
correlated time-varying expected returns. To introduce an unbiased and efficient
model, they constructed a spread measure relying on the serial covariances of the

differences between transaction returns and returns calculated using bid prices.

Hasbrouck (2004) applied a Bayesian analysis using a Markov chain Monte Carlo on
Roll’s model in order to include latent variables for futures market by using transaction
data. The observed variables are the trade prices and volumes, while the latent
variables are trade direction indicators, efficient prices and implicit price tick size.
Hasbrouck (2009) also used Gibbs estimator model on stock markets with daily data,
and found out that Gibbs estimator that use low-frequency data is highly correlated

with the results obtained with the high frequency measures.

Holden (2009) used spread proxies that correspond to three attributes of daily data;
price clusters, serial price covariance and quoted spread available on no-trade days.
He modified Huang and Stoll (1997) model by allowing the effective spread to alter

from day to day, and eliminating the inventory holding risk component.

Lesmond et al. (1999) found that frequency of zero return days is directly related to
the quoted bid-ask spread and Roll’s effective spread. Their model is based on the
assumption that a zero return day happens if the transaction cost is higher than the

expected gain, i.e. the threshold.

Based on Lesmond et al.’s (1999) Zeros measure, Fong et al. (2017) developed a

spread proxy, which assumes that the unobserved true value return is normally

14



distributed with zero mean and a constant finite variance, and the proxy is modelled as
a function of the return distribution volatility and the proportion of zero returns.

Goyenko et al. (2009) and Holden (2009) assumed that the trade prices cluster at
certain price steps, and analysed such clusters to proxy effective spread. Their model

is called as the Effective Tick.

Corwin and Schultz (2012) used daily high and low prices to approximate the bid-ask
spread. While Chung and Zhang (2014) developed CPQS model that uses the bid and
ask prices at daily close. Schestag et al. (2016) used the quoted bid-ask spread data to

estimate transaction costs.

The bid ask spread measures, which use high frequency data, differentiate depending

on the approaches which they are based on and the data they use.

The regression based approaches compare orders or trades with a benchmark
(calculated) value. These models use all data available, not leaving significant amount
of data out. However, they may not be able to perform well in case of intraday price
movements or missing data (Schestag et al., 2016). On the other hand, measures like
RT (Feldhiiter, 2012) require both buy and sell order or trade data within a certain
period of time, and they ignore large amounts of data which are not eligible as model
input. Another type of the measures uses trade price distributions, and such models are

properly work even there is only one sided (buy or sell) information.

Glosten and Harris (1988) aimed to separate the adverse selection component by using
order flow and decomposed the bid-ask spread into two parts. The first part is the
transitory component, which allows market makers to earn profit to cover inventory-
holding costs, clearing fees or monopoly profits. This part is called transitory, since its
effect on the security price is unrelated to the value of the security. The second part is
a result of asymmetric information, and it arises in case of a trade against an
anonymous counterparty with superior information. To compensate such a potential
loss, a market maker widens the spread, and this marginal widening is called as the

adverse-selection component.

Madhavan et al. (1997) extended Glosten and Harris’ (1988) model in order to
understand the intraday patterns of the bid-ask spreads, price volatility, transaction
costs, and autocorrelations between returns and quote revisions. Their model

incorporates microstructure effects and public information shocks.
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Huang and Stoll (1997) estimated the bid-ask spread by modelling the unobservable
fundamental value of a financial assetand decomposing it into two parts; the private
information unveiled by the last trade, and the public information. They found that the

spread components significantly depend on the trade size.

Ball and Chordia (2001) developed a model by generalizing Huang and Stoll’s (1997)
model. Their model makes possible to separately estimate the sum of order-processing
and inventory holding components, and the adverse selection component. Also, the
model can parse such costs from the effect of price step (or tick size). More
importantly, the model allows the spread to change from trade to trade, and to estimate

a varying spread depending on market depth and prior trade size.
2.5.1 High-frequency measures

2.5.1.1 Schultz model

Schultz (2001) estimated the round-trip transaction costs in a corporate bond market

by regressing the formula in equation 2.9.
A= ag +a DY + ¢ (2.9)

where A; is the difference between the estimated bid price and the price of trade i, and
DiB“y is the dummy variable that equals zero if the trade i is a sell trade, and equals

one if the if the trade i is a buy. a, is an estimate of price difference between buy and

sell orders, i.e. it is an estimate of the average bid-ask spread.

Schestag et al. (2016) altered Schultz’s model by using a relative scale and including

interdealer trade information, which is represented in equation 2.10.
A= ag® + ai®'D; + € (2.10)

where AT® is the relative deviation of the mid quote, so al® estimates the half spread.
Markit composite prices are used as the proxy of the mid quote. They adapted the

dummy variable in order to capture interdealer trade information as in equation 2.11.

1if the tradeiis a buy,
D; ={0if the trade i is an interdealer trade, (2.11)
—1if the tradeiis a sell.
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2.5.1.2 Edwards-Harris-Piwowar (EHP) model

Harris and Piwowar (2006) assumed that the trade price is equal to the true unobserved
value plus a price concession or premium depending on whether the trade is a buy or
sell. They also estimated the price concessions separately for customer and interdealer
trades, and assumed that the absolute customer transaction cost is measured as a
fraction of the trade price depending on the trade size. Their estimation of half-spread

is represented in 2.12.
1
c(S)=cot¢ s T czlogSe + Ky (2.12)
t

where c(S;) is the half spread, S; is the trade size, and k; is the part that is unexplained

by the average transaction cost function.

Schestag et al. (2016) developed another model based on Harris and Piwowar (2006)
and Edwards et al (2007). They used a composite price for the unobserved true value,
and assumed that the measurement error of the unobserved true value return between
sequential trades is proportional to the time between two trades. They estimated the
half spread, c, via iteration of equation 2.13.

‘r'l-ObS _ r.ComPOSite — C(Dl' _ Di—l) + n; (213)

L

Pj
Pi_q

where 2% = log(

), and n; is the error term with mean zero and variance o7,

which calculated as in equation 2.14.
of =2+ (2—-D")a? + D"} (2.14)

where D/™ is the dummy that equals 0, 1 or 2 when none, one, or two of consecutive
trades are interdealer trades. Uezi is the variance from the measurement of the
unobserved true value returns, o2 is the variance from the measurement of the
transaction costs, and o is the variance from the measurement of the interdealer price

concessions.
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2.5.1.3 Average bid-ask spread

Hong and Warga (2000) used the weighted average of transaction prices in a day in
order to estimate transaction costs. Their model can be formulated as seen in equation
2.15.

buy sell
t - B t

Average Bid Ask Spread =

where Ptb”y is the weighted average of buy trades within a day, and PS¢ is the

weighted average of sell trades within a day. The weights are calculated with the trade

volumes.

2.5.1.4 Roundtrip transaction (RT) cost

Feldhiitter (2012) developed a roundtrip transcation cost measure which is based on
IRT. According to him, for securities with low numbers of transactions, if consecutive
trades occur within a very short period of time after a longer period of time without a
trade, this situation most probably is a result of a pair transaction of a dealer, and the
price difference is the fee collected by the dealer. He defined the IRT as the
combination two or more trades with same volumes which occur within 15 minutes.
The round-trip transaction cost is the difference of the greatest and the smallest trade
prices of an IRT. In order to have a relative measure, the spread is normalized with the
average of the greatest and the smallest trade prices of an IRT. The measure uses high-
frequency data. Intraday trade volume, trade price and trade time data are required for

the model. The measure is given in equation 2.16.

RT = 2(Pmax - Pmin)
(Pmax + Pmin)/z (2'16)

where P,,;,, is the minimum trade price in an IRT, and PB,,,, iS the maximum trade

price in an IRT.

2.5.1.5 Roll’s intraday measure

Dick-Nielsen et al. (2012) uses an intraday version of the Roll Model (1984) in order

to estimate the effective spread, as seen in equation 2.17.
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Roll, = {2 —cov(r;, 1i-1), if cov(r;,1i-1) <0

0, otherwise (2.17)

where, r; = % is the return of ith trade.

i-1
2.5.1.6 Interquartile range

Han and Zhou (2007), and Pu (2009) built a proxy of the bid-ask spread that uses the
quartiles of trade prices within a day. According to them, the price volatility within a
day is due to the trades occur at the bid or ask prices, in other words, the bid-ask spread
leads to price volatility. They defined the interquartile range as the difference between
75th percentile and 25th percentile of trade prices within a day, and then, they
normalized the interquartile range by the average of daily price to obtain a relative
measure. The IQR measure is given in equation 2.18. The model ignores half of the

trade prices as the outliers, and only considers half of trade data.

ir75th ir25th
123 — D¢

IQR; = { = (2.18)

Dt

where p?5thand pl75t" are 25th and 75th percentiles of trade prices in day i,
respectively. p is the average of the trade prices within day i.
2.5.1.7 Huang and Stoll model

Huang and Stoll (1997) developed a model to decompose the bid-ask spread. They
defined the unobservable fundamental values as represented in equation 2.109.

S
Vi=Via t+ aEQt_l t+ & (2.19)
where S is the spread, « is the percentage of the half-spread for the adverse-selection

cost (due to asymmetric information).

This equation decomposes V(t) into two parts, which are the private information
unveiled by the last trade and the public information part. They formulized the relation
between the midpoint of spread and the fundamental value as in equation 2.20.
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t—1
S
M, = Vt+’8§z Q¢ (2.20)
i=1

where f is the component of the half-spread for the inventory-holding cost and, the

transaction prices follow equation 2.21.

S
Pt:Mt+§Qt+nt (2.21)

By combining equation 2.20 and equation 2.21, they modelled price changes in order

to estimate the spread as represented in equation 2.22.

S S
AP, = 5 (Qc — Q¢-1) + }{EQt—l +e (2.22)

They extended the model by adding trade size categories. The spread is estimated

depending on trade size, as well, which is given in equation 2.23.

Ss R sm s™
AP =D + (2 - 1)?Dts_1 +—-D" + (A" — 1)7927—11
l g (2.23)
+ ?Df + (/11 - 1)?Dtl—1 + e

2.5.1.8 Ball and Chordia model

Ball and Chordia (2001) developed a model by generalizing Huang and Stoll’s (1997)
model. Their model makes it possible to separately estimate the sum of order
processing and inventory holding components, and the adverse selection component.
Additionally, the model can parse such costs from the effect of price step (or tick size).
More importantly, the model allows to estimate a varying spread depending on market
depth and prior trade size. They defined the observed price as in equation 2.24, and

they assumed that the true prices follow the formula in equation 2.25.

Pt = [p{“VR]Round = [mt + (1 - A)StQt/z]Round (2.24)
1Y
my =me_; + A% + u; (2.25)

They modelled the spread estimate as in equation 2.26.
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+d,END, + e,

where S(t) is the true spread, D(t-1) is the depth, and V(t-1) is the volume of the
previous trade. They also added dummy variables to the model. TIME is the time
difference between the last trade and the second last trade, and BEG and END are

included in order to indicate the first hour and the last hour of a trading day.
2.5.2 Low-frequency measures

2.5.2.1 Roll’s model

Roll (1984) developed a model that directly infers the effective bid-ask spread from
the market prices. The main idea of the model is that a financial security’s price
bounces between the best bid and ask prices, so a higher negative covariance of trade
prices points to a greater bid-ask spread. The model uses only daily prices, and the
model has two major assumptions: The market is informationally efficient, and the
probability distribution of the observed price changes is stationary, for at least short

intervals.

In addition, Roll model has the following additional assumptions:
e Itis likely to be equal for a market order to be a buy or sell order,
e There is no serial correlation between buy and sell market orders,
e Market orders do not contain news,
e The fundamental value of the security follows a random walk.

Serial covariance of daily equity returns is used, and Roll showed that the covariance
of daily returns is an estimate of the effective spread. Roll’s spread estimator is given

in equation 2.27.

Spread = 2+/—cov(AP,, AP,_;) (2.27)

where AP; is the daily price change on day t.
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When the covariance of daily price changes is positive, the spread is undefined
according to the Roll’s original model. Goyenko et al. (2009) extended the model by

assigning zero to undefined values. The extended version is given in equation 2.28.

Roll, = {zJ —cov(AP, AP,_,),  if cov(AP, AP,_;) <0 2.28)

0, otherwise

According to Dick-Nielsen et al. (2012) and Schestag et al. (2016), in order to have a
relative measure, daily returns should be selected instead of daily price changes. The

version with daily returns is given in equation 2.29.

Roll, = {2\/—0017(7%, 1),  if cov(ry,mi_y) <0

0, otherwise (2.29)

where r; is the daily return on day t.

2.5.2.2 Choi, Salandro and Shastri model

Choi et al. (1988) extended Roll’s (1984) model by allowing positive serial correlation
for transaction types. According to them, Roll assumed that transaction types are
serially independent, i.e. regardless of the previous transaction type, the probabilities
of conducting the following transaction at bid or ask price are equal. However, they
asserted that there would be serial dependence in transaction type. So, they extended
Roll’s model in order to allow the conditional probability of executing both of

consecutive transactions at bid (or ask) to differ than 0.5.

After giving a probability distribution, they formulized the covariance between the
transaction price changes as in equation 2.30, and the spread in defined as given in
equation 2.31.

Cov(Apy, Apeyr) = —s*(1 = 6)? (2.30)

s = [=Cov(ap., Ape) | /(1 - 8) (2.31)

where ¢ is the conditional probability that the trade at time t and the trade at t+1 are
both at bid (or ask) price, and it is estimated with maximum likelihood as in equation
2.32.

22



n
1@ = [+ a-sa - (232)
i=1
where n is the number of observations (transactions), and I; is a dummy variable that

equals one if consecutive trades are the same type or equals zero otherwise.

2.5.2.3 Hasbrouck’s Gibbs model

Hasbrouck (2009) extended Roll’s model (1984) by using a Bayesian Gibbs sampler.

The model is given in equation 2.33.
1. = cAD; + ™" + €, (2.33)

where m is a market factor with return /™ on day t, D, is a sell side indicator, and c is

the half-spread.

2.5.2.4 High-low (HL) spread estimator

Corwin and Schultz (2012) developed a bid-ask spread estimator based on daily high
and low prices. They argued that the daily high prices correspond to buy trades, while
the daily low prices are likely to be the results of sell orders. Therefore, the high-low
ratio reflects an asset’s variance and bid-ask spread. They also assert that the variance
component of the high-low ratio should be proportional to time, while the bid-ask
spread component should be constant. In order to split these two components, they use
the high-low ratios on consecutive days.

The model only needs daily low and high prices, and the output is a daily estimate of
the relative bid-ask spread. The model is given in equation 2.34.

_2(e"—1)

HL == (2.34)

Liyj Ltt+1

2 2
V2B—B He,j Hy/
where = 3—2«2_ - 3—];\/5’ B =2 <10g ( H])) endy = <log <M>>

L(H,) is the lowest (highest) price on day t, and L ;11 (H; 41) is the lowest (highest)

price on two consecutive days t and t+1.
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Additionally, in order to get rid of negative bid-ask spread estimates, Corwin and
Schultz (2012) recommended an overnight return adjustment. The adjustment is as
follows: If the close price on day t is less than the low price on t+1, decrease the low
and high prices on day t+1 by that difference. If the close price on day t is greater than

the high price on day t, increase the low and high prices on day t+1 by that difference.

2.5.2.5 Holden model

Holden (2009) used spread proxies that correspond to three attributes of daily data.
First attribute is price clustering which means the higher likelihood for trade prices to
be on rounder increments. Second attribute is serial price covariance. He extended
Roll’s (1984) model in order to estimate data for no-trade days. The last attribute is

the quoted spread that is available on no-trade days.

Holden (2009) modified Huang and Stoll model (1997) via allowing the effective
spread to change from day to day and eliminating the inventory holding risk
component. In this model, the unobservable fundamental value of a security is

calculated with equation 2.35.

1
Vi=Vii + EaSt—th—l + & (2.35)

where « is the percentage of the half spread attributable to the adverse selection, Q(t-
1) is buy/sell/no trade indicator, and ¢ is the public information shock. He defined the

daily change in midpoint as in equation 2.36.
1
AM, = EaSt—th—l + &+ Awy (2.36)

where w(?) is the cumulative inventory effect of all previous trades. He also defined

price change process as in equation 2.37.
1 1
AP, = EStQt -(1- a)ESt—th—l t e (2.37)

2.5.2.6 Close-high-low (CHL) model

Abdi and Ranaldo (2017) proposed a method to estimate the bid-ask spread that uses
daily close, high, and low prices. The rationale behind their model is that a financial

security’s price deviates from its efficient value is due to the transaction costs. Their
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model uses a wider set of data than Roll’s (1984) model, and it is not dependent on the
trade direction dynamics. In other words, they do not assume that the probability of
consecutive trade directions being buy or sell are equal. They estimated the bid-ask

spread as in equation 2.38.

CHL = 2\E[(ce — o) (¢t — Mex1)] (2.38)

where c is logarithm of the daily close price, and 7 is the average of logarithms of daily

high price and low price.

They mentioned about three methods to deal with the negative estimates. First method
is to calculate monthly average spread, and then set the negative estimates to zero.
Second method is to estimate the squared spreads over two days, then to set the
negative values to zero and calculate the average spread. Third method is to ignore the

negative estimates, and calculate the average of remaining positive estimates.

The first correction method is called as monthly corrected estimate and represented in

equation 2.39.

N
1
Smonthly corrected = |Max {4’ Nz(ct —Ne) (€ — New1), 0} (2.39)
t=1

The second approach is called as two-day corrected estimate and represented in
equation 2.40 and 2.41.

N
1
§two—day corrected — NZ $¢ (2.40)
t=1
8¢ = ymax{4(c, — n)(ce — Ne41), 0} (2.41)

where N is the number of days the bond traded.

2.5.2.7 Closing percent quoted spread (CPQS)

Chung and Zhang (2014) proposed a bid-ask spread measure which relies on the end
of day quote data. CPQS is calculated as the difference between the best bid and ask
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quotes, which are available at the end of the day, divided by the average of these
quotes. The measure results in a relative bid-ask spread, and only requires the best buy

and sell quotes available at the end of the day. The CPQS is given in equation 2.42.

(Closing Ask,) — (Closing Bid,)

CPQS: = ((Closing Ask;) + (Closing Bid;))/2 (2.42)

2.5.2.8 Fong-Holden-Trzcinka (FHT) model

Lesmond et al. (1999) asserted that the days with zero return or zero volume for a
financial security are the signals of lower levels of liquidity, and they employed the
ratio of zero return days as a proxy of liquidity. Based on their proposal, Schestag et
al. (2016) defined the Zeros metric as the ratio of the number of days with zero volume

in a month over number of trading days in a month, as seen in equation 2.43.

number of days with zero volume in a month

Z =
eros number of trading days in a month (2.43)

Fong et al. (2017) developed FHT model on the basis of the Zeros metric. According
to them, the observed return is a function of symmetric transaction costs and
unobserved true value returns, which is assumed to be normally distributed with zero
mean and variance o2. The main idea of the model is that when the magnitude of true
return is less than the transaction costs of buy and sell trades, a zero return day happens,
i.e. any trade does not occur in that day. A greater value of the Zeros metric points to
a greater bid-ask spread and higher transaction costs. The model is represented in
equation 2.44.

1+ Zeros
—> (2.44)

FHT = ZO'N_l( >

where N~1 is the inverse of the cumulative standard normal distribution, and o is the
monthly standard deviation of the daily returns.
2.5.3 Performance comparison of bid-ask spread measures

Following Roll, many other researches, which focus on building powerful measures
with less effort, took place in the literature. As a result of increased number of the

measures in the literature, there are plenty of studies in the literature which compare
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the performances of the bid ask spread estimation models. Such researches focus on
how precisely these measures can represent the actual bid-ask spread in a market. The
vast majority of these mesasures are primarily designed for stocks, and their
performances are tested in stock markets. Furthermore, they are implemented over
different asset classes and countries. Such comparative studies are available for
different asset classes and market structures: Goyenko et al. (2009) and Fong et al.
(2017) covered exchange traded stocks, Marshall et al. (2011) covered commodity
futures, Karnaukh et al. (2015) worked on foreign exchange rates, and Schestag et al.
(2016) analysed OTC bond markets. However, the results differ across different
market structures and asset classes. According to the previous comparative studies in
the literature, there is no single measure to outperform others for different market

structures every time.

Lesmond (2005) discovers that the low-frequency measure, the limited dependent
varible technique, has a correlation coefficient with the high frequency measures
greater than 0.8 for twenty three of thirty one markets. Also, Lesmond et al. (1999)
and Lesmond (2005) run horseraces between the liquidity measures and find that the
LOT measure dominates the other models, such as Roll, Illiquidity, Liquidity, and

Turnover models.

Goyenko et al. (2009) report that the low-frequency proxies are able to approximate
the high-frequency measures both at monthly and annual frequency. So, they look for
the outperforming low-frequency proxy that dominates others. They implement nine
low-frequency proxy in the US stock markets and compare these proxies with each
other and against the high-frequency measures. According tho their results, Holden
measure (Holden, 2009) has the best performance. Additionally, they find that
Effective Tick measure (Goyenko et al., 2009; Holden, 2009) and LOT Y-split
(Lesmond et al., 1999) dominate others, and they should be selected if someone desires
to avoid computational burden.

Chung and Zhang (2014) run horseraces between the low-frequency proxies in the US
stock markets, and assert that CPQS measure overrides the other low-frequency

proxies.

Fong et al. (2017) compare the performances of low-frequency measures for 42 stock

exchanges from 38 countries. They implement performance comparison via four
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dimensions: (i) Average cross-sectional correlation coefficients with the liquidity
benchmarks, (ii) portfolio time series correlation coefficients with the liquidity
benchmarks, (iii) individual time series correlation coefficients with the liquidity
benchmarks, and (iv) RMSE against the liquidity benchmarks. According to their
results, CPQS dominates the others at both monthly and daily frequencies as a relative
measure, if quote data is available. HL (Corwin & Schultz, 2012) and FHT (Fong et
al., 2017) dominate the others when quote data is not available. Amihud measure
(Amihud, 2002) produces the best results at daily estimates as a cost-per-dollar-volume
proxy, while CPQS Impact, LOT Mixed Impact, Amihud, High-Low Impact, and FHT
Impact measures have close estimates for monthly forecasts.

Although, some proxies perform better than the others sometimes, there is no clear
evidence that any of such proxies dominate the others every time, for stock markets.
In addition to the researches which cover stock markets, other markets, such as foreign
exchange, commodity, fixed income, ETF and cryptocurrency markets are

investigated in the literature.

Marshall et al. (2011) compare 17 low-frequency proxies in the US commodity market.
According to their results, the models with the highest correlation coefficients with the
benchmark spread are Amihud measure (Amihud, 2002), Amivest (Amihud et al.,
1997), and Effective Tick (Goyenko et al., 2009; Holden, 2009). These three measures
perform better than the others. However, any of these measures is not able to represent

the actual scale for the trade costs in the commodities markets.

Karnaukh et al. (2015) examine the bid-ask spread measures in the spot foreign
exchange markets, and discover that low-frequency data is enough to adequately
measure liquidity. Also, they make comparison between the low-frequency proxies,
and find that HL measure (Corwin & Schultz, 2012) has the greatest correlation

coefficient with the high-frequency spread benchmark.

Guloglu and Ekinci (2016) analyze the futures traded in BIST, and compare the low-
frequency proxies’ performances. According to their results, Effective Tick measure
(Goyenko et al., 2009; Holden, 2009) has better forecast performance than the other
proxies. Nevertheless, they report that a sole indicator of the bid-ask spread does not

exist in the literature.
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Marshall et al. (2018) compare the low-frequency proxies’ performances in the ETF
markets, and they say that the low-frequency proxies are able to capture spread
dynamics. According to their results, CPQS (Chung & Zhang, 2014), HL (Corwin &
Schultz, 2012), and CHL (Abdi & Ranaldo, 2017) have greater estimation performance
over the other spread proxies.

Langedijk et al. (2018) focus on the European sovereign bond markets in order to
invetigate the proxies’ performances. They find that the relationships between the
benchmark measures and the proxies are weak, and they become weaker with higher
forecast frequency. However, for daily and monthly estimates, they report that CPQS
(Chung & Zhang, 2014) dominates the others.

Schestag et al. (2016) extensively examines the high-frequency and low-frequency
bid-ask spread measures, and compare their performances for the US corporate bonds.
They implement six high-frequency measures, and discover that these six measures
are highly correlated pairwise, and have results of trade costs within similar magnitude.
Next, they apply 13 low-frequency proxies, analyze their results, and compare the
forecasts with regard to the high-frequency measures. According to their results, most
of the low-frequency proxies are able to reflect transaction costs. Additionally, they
report that the time series and cross-sectional correlation coefficients between the
high-frequency and low-frequency measures in the US corporate bond markets are
higher than the correlation coefficients in Goyenko et al.’s (2009) research in stock
markets. They assert that HL (Corwin & Schultz, 2012), Roll (1984), and Hasbrouck's
Gibbs measure (Hasbrouck, 2009) have better forecast performance than the other
proxies. Moreover, they report that the low-frequency measures could be preferable
over the high-frequency measures, since they reduce the data requirements and
calculation burden, even though minor accuracy loss in estimation performance may

occur.

Diaz and Escribano (2019) examine 16 liquidity measures, and report that the bid-ask
spread measures can comprehend the differences between the credit ratings in the US

corporate bond markets.

Hameed et al. (2019) examine the Malaysian corporate bond market liquidity, and
report that the quantity-based liquidity proxies perform better than the price-based

liquidity proxies for their sample.
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Bohmann et al. (2019) find that CPQS has the greatest performance as a proxy of the
relative bid-ask spread. Additionally, Gao et al. (2020) compare the low-frequency
liquidity proxies against the high-frequency bid-ask spreads for the Chinese stock
markets. Their empirical results show that CPQS produces the smallest forecast error,
and FHT has the greatest correlation coefficient with the high-frequency benchmarks.
They say that CPQS and FHT outperform the other measures mostly, and assert that

the measures based on Roll’s (1984) model have inferior performance.

Brauneis et al. (2021) compare the low-frequency and high-frequency liquidity
measures for the cryptocurrency markets. They find that CHL and CS measures are
the best estimators of the bid-ask spread.

Different bid-ask spread measurement techniques are designed in order to understand
features and mechnanisms of transaction costs in different ways. Even though different
financial markets are analysed and the number of comparative studies rises, there is
still no consensus about the best low-frequency measure that can replace high-
frequency measures. There is no single best model that fit different asset classes and
market structures. Nevertheless, the existing studies in the literature show that the
usage of the low-frequency measures as a proxy of the bid-ask spread and liquidity is
appropriate and efficient.

2.5.4 Bond features and liquidity

There are plenty of researches which attempt to define and evaluate the connections

between asset features and bid-ask spread (or liquidity) in financial markets.

Chen et al. (2007) investigate the relations between liquidity, bid-ask spread, and bond
yield for the corporate bond markets. According to their results, outstanding nominal
amount of a bond has very limited effect on bond liquidity, and the relation between
liquidity and bond volatility is significantly strong. They also assert that liquidity effect
exists both for the investment and speculative-grade bonds. Moreover, there is strong
correlation between changes in liquidity and yield spreads, and lower liquidity is
significantly associated with greater yield spread. An increase in liquidity results in a
decrease in yield spread. They find that the liquidity costs of speculative-grade bonds
is greater than the liquidity costs of investment-grade bonds, and bonds with longer
term to maturity have higher yield spreads and liquidity costs. Moreover, they report

that liquidity and credit rating are significantly important for bond yield spreads, but
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liquidity effect is the most significant determinant. Additionally, Chang et al. (2021)
investigates liquidity, yield and credit rating relations in the Chinese green bond

market, and find that market liquidity has significant effect on bond yields.

Edwards et al. (2007) assert that an increase in outstanding nominal amount of a bond
or a decrease in credit risk reduces the transaction costs. They also state that the lowest
levels of transactions costs occur just after the issue date and just before the maturity
date of a bond. Bao et al. (2011) report that an increase in outstanding nominal amount
of a bond improves its liquidity, while a bond’s age and maturity decrease its liquidity.
Feldhiitter and Poulsen (2018) say that longer term to maturity and higher credit risk
lead to wider bid-ask spreads for the investment-grade corporate bonds. Chen and
Stock (2021) assert that an additional issue of a preexisting bond has a positive effect
on the bid-ask spread and liquidity, but that effect is temporary and decay over time.
Addtionally, Helwege and Wang (2021) report that corporate bonds with greater
outstanding nominal amount have higher liquidity, as expected.

Batten and Vo (2014) investigate liquidity and stock returns in Vietnam, and they
discover that there is a positive correlation between them. Their findings do not
confirm the typical relationships in the developed countries, and they argue that such
a divergence could be a result of the lower levels of integration of an emerging country

stock market with the global markets.

In certain bond markets, market makers (or primary dealers) are obliged to supply
minumum amounts of buy and sell quotes within certain price limits. In other words,
market maker presence entails a maximum of bid-ask spread. Bessembinder et al.
(2020a) examine the market maker contracts for the US stocks, and find that market
making activity leads to narrower bid-ask spread, higher price efficiency, and superior
liquidity. Similarly, Beau (2014) asserts that less traded securities have greater bid-ask
spreads than more actively traded securities. According to Remolona and Yetman
(2019), a narrow bid-ask spread is an expected characteristic of a benchmark fixed

income security.

Galliani et al. (2014) build a robust illiquidity index, and investigate the liasion
between the bond properties and the robust illiquidity index for the European
government bonds. They discover that outstanding nominal amount, term to maturity

at issue date, issuer’s credit rating, and bond duration have significant effects on bond
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liquidity. According to their results, lower credit rating, higher duration, and less

outstanding nominal amount induce lower levels of bond liquidity.

Huang and Tian (2020) examine the Chinese corporate bond markets, and find that
outstanding nominal amount, trade volume, bond return, and turnover are the proxies
of bond liquidity premium, and the most significant characteristics is bond age.
Mizrach (2015) reports that larger number of trades, smaller trade size and more

extensive dealer networks result in higher liquidity for the US corporate bonds.

Ariyana et al. (2020) investigate the liquidity determinants of the government sukuks
in Indonesia, and they find that higher outstanding nominal amount and lower yield to
maturity are associated with higher liquidity. However, time to maturity has no effect

on sukuk liquidity according to their results.

Arcuri et al. (2020) investigates the liquidity and bond spread relation for the European
corporate bonds, and they assert that lower liquidity is associated with higher risk
premia and wider bid-ask spread. They find a significant relation between the bid-ask

spread and the default risk (or the corporate bond spread).

Phylaktis and Manalis (2013) examine whether the presence of futures on a stock has
effects on the underlying stock liquidity. They discover that greater trading activity of
futures leads to narrower bid-ask spread of the underlying stock. They report that trade
of futures decreases the depth, and leads to lower inventory holding costs, which

probably causes a decrease in the bid-ask spread.

Altay and Calgici (2019) inspect asset returns and liquidity of the stocks traded in
BIST. They assert that asset illiquidity and market illiquidity are positively correlated,

while market return and asset illiquidity are negatively correlated.

Bedowska-Sojka (2019) examines the volatility and liquidity relation in the European
stock markets. She finds that a rise in volatility causes lower liquidity and a greater
bid-ask spread. She also reports that volatility and spread increase in case of a financial
turmoil. In a similar manner, Bedowska-Sojka and Echaust (2019) analyzes five
European emerging country stock markets in order to describe the volatility and
liquidity relationship. They discover that global volatility and market liquidity are
negatively correlated. Additionally, Bessembinder et al. (2020b) assert that

macroeconomic announcements create uncertainty for sovereign fixed income
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securites which in turn results in decrease of trade volumes, immediate price changes,

and increase in bid-ask spreads.
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3. DATA AND METHODOLOGY

3.1 Data

The main focus of this thesis is on the Turkish and some other emerging country fixed income
securities markets. Due to the data availability and trading frequency in these markets, only
sovereign bonds are included in our data sets. In order to analyze the bid ask spread and its
relations with the bond level factors, two different data sets are used in this study. First data set
includes only Turkish Treasury bonds, while the second data set consists of sovereign bonds

from a variety of emerging markets.

The first data set consists of bond data from BIST DSM. It is possible to trade Turkish Treasury
bonds both at the OTC markets and the centrally organized exchange. BIST DSM is the only
centrally organized exchange for Turkish bonds, and all trades handled electronically via the
automated multiple price-continuous auction system. The sampling period for the first data set
includes 231 trading days, and spans from 02.07.2018 to 31.05.2019. 48 instrument series with
the highest trade volumes throughout the sampling period are selected as sample!, and these
instrument series constitute 79% of the total trade volume in the BIST Outright Purchases and

Sales Market for the sampling period.

Both intraday and daily data is included in the first data set in order to calculate the quoted bid-
ask spread and implement the other spread measures. Intraday data includes trade price, trade
volume, trade timestamp, and bid-ask quotes, while daily data consists of daily low, high and
close prices. Also, bond specific data, such as bond type, term to maturity, settlement date,
outstanding amount, and market maker presence are included in order to use as the independent

variables of the panel regression analysis. The first data set is obtained from BIST Data Store.

L1t is possible to trade a bond with different settlement dates in a single business day, and a unique bond series is
created for each settlement date. For example, there exist more than one instrument series for the bond
TRT110226T13, and two of them are TRT110226T13_KESN_TO and TRT110226T13_KESN_T1. As of
business day 08/07/2019; the former series’ settlement date is 08/07/2019, and the latter’s is 09/07/2019.
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The second data set consist of 33 LC sovereign bonds from six emerging countries, which are
Turkey, South Africa, Russia, Indonesia, India, and Brazil. The sampling period for that data
set includes 64 trading days, and spans from 21.06.2019 to 18.09.2019. The data set consists of
daily data such as daily high, low, close prices, and daily quotes, also intraday quotes are
included. We look for effects of credit rating on bid ask spread. However, there is only two
minor rating change during the sampling period. Due to low number of credit rating change,
we did not include it. Instead of credit rating changes, CDS of the issuer country is included, as
both of them measure the same thing and are expected to follow each other. Additionally, bond
specific data such as credit default swap, historical volatility, mid yield, basis point value,
duration, option asset swap spread, market return, and issuer country, is included in the data
set. These bond specific data has daily frequency. Thomson Reuters and Bloomberg are the

data source for the second data set.

3.2 Methodology

The main objective of this thesis is to answer two research questions about emerging country
bond liquidity and bid-ask spread: Do the low-frequency bid-ask spread measures are able to
proxy the real-time bid-ask spread, and how the bid-ask spread is affected by the bond and
country specific characteristics. The first data set is applied in order to answer both of these two
questions, while the second data set is for the second research question.

For the first data set, we compute time weighted relative quoted bid-ask spread (TWS) with
tick-by-tick order flow data throughout the sampling period for each bond. This high frequency
data set contains the best bid and ask prices available at the market with timestamps. Since the
data used for TWS includes high frequency real-time market data and represents the real quoted
spread available in the market, TWS is selected as the benchmark for other spread measures

and proxies.

TWS is represented in equation 3.1, and it is time weighted average of quoted spread that is
mentioned in equation 2.2. The difference between the best available bid and ask prices at a
certain point in time is called the quoted spread, and to have a relative measure it is divided by
the average of the best bid and ask quotes. We applied time-weighted average for the intraday
relative quoted spread instead of the simple average, since the best bid and ask quotes change

within a day irregularly. The weight of each relative quoted bid-ask spread is calculated as the
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proportion of time that the spread is available in the market over the total trading time with a
spread. TWS is a daily measure that incorporates all intraday updates in the available spread.

Q
WS 1 Ask Price; — Bid Price; T T
—_— E3 —
T £ (Ask Price, + Bid Price;)/2 (Ttra =To) (3.1)

where T is the total time with an available spread, Q is the total number of updates in the spread,

T; is the timestamp of t — th spread update.

Daily TWS is computed for each bond, and the monthly benchmark spreads for each bond are

calculated as the volume-weighted averages of the daily TWS.

Next, we estimate the relative bid-ask spread for each bond with seven different bid-ask spread
measures. The measures are RT, CHL, Roll, FHT, CS, IQR, and CPQS, which are described in
section 2. Each of these measures, except FHT, returns daily estimates of the relative bid-ask
spread. In order to be able to compare all measures applied, we transform the daily estimates
into monthly estimates via calculating volume-weighted averages of the daily results. So, the
analysis with the first data set is based on the monthly bid-ask spread estimates. Additionally,
data for term to maturity and volume are monthly frequent, while the other bond specific

independent variables are time-invariant.

Afterwards, we run time series and cross-sectional regressions with the monthly estimates in
order to compare the performances of the seven measures applied. For the time series regression
analysis, a volume-weighted portfolio of bond series is constituted for each month. A monthly
portfolio relative bid-ask spread is calculated as the volume-weighted average of the spread
estimates available for that month for each measure. Monthly bond volumes are used as the
portfolio weightings. For the cross-sectional regression analysis, a weighted average of the
relative bid-ask spreads for each bond series is calculated via using monthly spread estimates
with monthly volumes as the weightings. Each of the applied seven measures is regressed on
TWS. Before implementing the regression analysis, in order to control stationarity of TWS and
other bid-ask measures, a unit root test is applied. According to the Augmented Dickey-Fuller
test result, TWS, RT, CHL, Roll, FHT, CS, IQR, and CPQS series are stationary, even at 1%
significance level. So, the benchmark and other measures are included into regression without

any transformation.
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Results of the time series and cross-sectional regression models are evaluated with certain
statistical metrics. In order to observe the patterns of measures against TWS, correlation
coefficients are calculated. Additionally, some other measures are applied to evaluate the
performance and accuracy of the measures, as magnitude is an important feature for transaction
costs. Therefore, certain metrics such as MBE, MAE, and RMSE are calculated for both cross-

sectional and time series regression results.

MBE refers to systematic error, and it is the average of forecast errors (equation 3.2). It shows
the average model bias. MAE represents the average of magnitudes of error terms, and equals
to average of absolute errors (equation 3.3). RMSE represents how broadly the observations
spread around the estimated regression line, and equals to standard deviation of forecast errors
(equation 3.4). It dedicates greater weights to larger errors in absolute term, and uses squared
values of forecast errors. For MBE, MAE, and RMSE, the lower the result, the better fit.

N
TWS, — Estimated Spread
MBE = z n p n

N (3.2)

n=1
N —
_ TWS,, — Estimated Spread,,

MAE = Z N (3.3)

n=1
d (TWS,, — Estimated Spread,,)?
RMSE = Z - Y et (3.4)

n=1

For time series regression, N is the number of months, and TWS,, is the average of monthly
TWS measures in month n. For cross-sectional regression, N is the number of bond series with
a spread in a month, and TWS,, is the average of monthly TWS for a bond series. Both for the
time series and cross-sectional regressions, MBE, MAE, and RMSE are computed for each of

the applied measures.

For the second research question, the effects of bond specific characteristics on the bid-ask
spread are analyzed. For this analysis, several regression methods are investigated. The pooled
OLS regression is not choosen, since it has downsides when heterogeneity across groups exists.

According to Hsiao (2014), the panel data method has advantages, as it helps to cope with
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heterogeneity and is able to discover effects that are not possibly detected via cross-sectional
and time series regression. Additionally, time-invariant variables could be included into a panel
regression model, with random-effects models. As a result, we choose a random-effects
regression model, and apply certain statisical tests in order to validate the selected model. The
random-effects regression model is represented in equation 3.5. Additionally, in order to control
stationarity of TWS and independent regression variables, a unit root test is applied. According
to the Augmented Dickey-Fuller test result, TWS, DTM, VOL, and NOM are stationary at 5%
significance level. So, the dependent and independent variables are included into regression

without any transformation.

For the panel regression model given in equation 3.5, TWS is the dependent variable, and the
bond specific characteristics are the independent variables, which are described in Table 3.1.
FRN, SET, NOM, and MM are time-invariant variables, while TWS, TTM, and VOL are time-

variant.

+ BGFR]V] + u; + el-j (35)

where j refers to each bond series, i refers to month, u; is the random effect (month specific),

and e;; is the error term.

Table 3.1 : Definitions of panel regression variables for the Turkish Sovereign Bond Market.

Variable Definition
VOL Trade volume of a bond series
TT™ Term to maturity of a bond (in months)
NOM Outstanding amount of a bond at the issue date
MM Dummy variable for market maker presence: Equals zero

when there is no market maker for a bond, and equals one
when at least one market maker exists.

SET Dummy variable for settlement date: Equals zero if
settlement date is T+0, and equals one if settlement date is
at T+1.

FRN Dummy variable for bond type: Equals zero for fixed-rate

bonds, and equals one for floating-rate bonds.

For the second data set, we analyze the effects of the country-level and bond-level

characteristics on the bid-ask spread for the selected emerging country treasury bonds.
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Therefore, in order to establish a bid-ask spread measure, we compute average relative bid-ask
spread for each bond for each business day. Similar to TWS given in equation 3.1, we calculate
a relative spread with the intraday bid and ask quotes. However, we use simple average method,
instead of time-weighted average, as quote timestamp is not available for the second data set.

The benchmark relative spread is given in equation 3.6.

1 i Ask Quote,, — Bid Quote,
N —i (Ask Quote, + Bid Quote,)/2 (3.6)

where N is the number of changes in the spread within a business day.

Next, we implement a regression analysis to answer the second research question about the bid-
ask spread and bond specific features. As mentioned earlier, panel data regression has
advantages over OLS, as it allows to include time-invariant variables and helps to handle
heterogeneity accross groups. The mixed-effect panel data regression we applied is given in
equation 3.7. In order to control stationarity of RS and independent regression variables, the
Augmented Dickey-Fuller test is applied before implementing the regression analysis.
According to the Augmented Dickey-Fuller test result, the RS, MY, and CDS series are not
stationary. So, differentiation method is applied in order to make these series stationary. After

differencing, all regression variables are stationary at 10% significance level.

Daily RS of each bond, which is calculated with equation 3.6, is the dependent variable, and
the bond-specific and country-specific variables are the independent variables of the model,
which are represented in Table 3.2. AS, DUR, BPV, MY, VOL, CDS, and MKT are continuous

variables and are daily frequent, while COU is a categorical and time-invariant variable.

+ B6ACDS;j + B;MKT;; + COU; + bo; + by + e;; 3.7)

where j refers to each bond, i refers to each business day, by; and by ; are the random intercepts,

and e;; is the random error.
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Table 3.2 : Definitions of panel regression variables for the Emerging Country Sovereign

Bond Markets.

Variable Definition
RS Relative Quoted Spread
AS Asset Swap Spread
DUR Duration
BPV Basis Point Value
MY Mid Yield
VOL Historical Volatility
CDS Credit Default Swap of Issuer Country
MKT Daily Market Return in Issuer Country
COouU Country
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4. EMPIRICAL FINDINGS

4.1 Findings on the Turkish Sovereign Bond Market

For the first data set, the descriptive statistics of the monthly bid-ask spread measures
of the Turkish sovereign bonds are summarised in Table 4.1. TWS, our real-time
benchmark spread, has a mean of 0.588% and a median of 0.411%. For example, a
round-trip trade with one million TL volume has transaction cost of 5880 TL on
average because of the bid-ask spread. The other measures’ estimated means span
between 0.224% and 1.011%.

Table 4.1 : Descriptive summary statistics of monthly spread measures for the
Turkish Sovereign Bond Market.

N Mean St. Dev.  Pctl(25) Median Pctl(75)

TWS 495 0.588%  0.520% 0.223%  0.411%  0.825%
RT 402 0.401%  0.651% 0.114%  0.216%  0.441%
CHL 456 0.761%  0.790% 0.226%  0.482% 1.015%
Roll 357 0.362%  0.360% 0.107%  0.228%  0.513%
FHT 451 1.011% 1.518% 0.241% 0.472% 1.070%
CS 397 0.224%  0.311% 0.052%  0.126%  0.267%
IQR 488 0.324%  0.341% 0.104%  0.223%  0.439%
CPQS 496 0.634%  0.633% 0.233%  0.435%  0.792%

CPQS gives the closest estimation results, and CHL is the second best, with regard to
magnitude. RT, Roll, CS, and IQR underestimate the relative bid-ask spread, while
CPQS, CHL, and FHT overestimate it. Additionally, the monthly averages are plotted
in Figure 4.1 in order to demonstrate the patterns of bid-ask spread over the sampling

period.
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Figure 4.1 : Monthly averages of relative bid-ask spreads for the Turkish Sovereign
Bond Market.

For the time series regression analysis, the monthly estimates for each measure are
computed as the volume-weighted averages of the bond series’ spreads. Then, these
monthly averages are regressed on TWS. The correlation coefficients for the time
series analysis are given in Table 4.2. According to the results, each measure is
positively correlated with the benchmark, TWS. CPQS has the highest correlation
coefficient of 0.603, while RT’s coefficient is 0.522, and IQR has the third greatest
coefficient with a value of 0.508. Moreover, we calculate each measure’s pairwise
correlation, and the pairs of CHL-CPQS, CHL-CS, CHL-IQR, CPQS-CS, and CPQS-
IQR have high correlation coefficients. Nevertheless, many of the measures do not
have significant or positive correlation coefficients with each other. Specifically, Roll
and FHT are largely negatively correlated with the others. The main reason of that
difference could be the data frequency, which these two measures use. Roll employs
the daily return data of the last twenty one trading days, and FHT requires the close

price volatility and the number of days with no trade within a month.
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Table 4.2 : Time series correlation coefficients of monthly spread measures for the
Turkish Sovereign Bond Market.

TWS RT CHL Roll FHT CS IQR  CPQS

TWS 1

RT 0.522 1

CHL 0361 0.727 1

Roll 0.319 0.236 -0.164 1

FHT  0.493 -0.042 -0.032 0.264 1

CS 0339 0516 0.841 -0.355 -0.045 1

IOR 0508 0.705 0.801 -0.199 -0.082 0.744 1
CPQS 0.603 0.659 0.903 -0.196 0.004 0.861 0.817 1

Further, the prediction errors of the time series regression for each measure are

calculated, and the results are given in Table 4.3. All measures have results within a

close range for MBE and MAE, except CHL. Similary, all measures, except CHL and

FHT, have close results for RMSE, which range between 0.102% and 0.187%.

Table 4.3 : Prediction errors of time series regression of monthly spread measures
for the Turkish Sovereign Bond Market.

MBE MAE  RMSE

RT -0.092% 0.104% 0.115%
CHL 0.505% 0.505% 0.675%
Roll  -0.035% 0.091% 0.102%
FHT 0.157% 0.187% 0.225%
CS -0.046% 0.091% 0.118%
IQR  0.092% 0.116% 0.149%
CPQS 0.120% 0.125% 0.187%

For the cross-sectional regression analysis, volume-weighted averages of the monthly

estimates are used as the average bid-ask spread, and these averages are regressed on

TWS. The correlation coefficients for the cross-sectional regression analysis is given

in Table 4.4. The measure with the highest correlation coefficient is CPQS, with a
value of 0.899. CPQS is followed by Roll, RT, CHL, and FHT, whose correlation

coefficients span between 0.527 and 0.601. Moreover, we calculate each measure’s
correlation pairwise, and discover that the pairs of Roll-CHL, IQR-CHL, CPQS-CHL,
and IQR-CS have higher coefficients than the other pairs.
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Table 4.4 : Cross-sectional correlation coefficients of monthly spread measures for
the Turkish Sovereign Bond Market.

TWS RT CHL Roll FHT CS IQR  CPQS

TWS 1

RT 0.594 1

CHL 0574 0.583 1

Roll 0.601 0.474 0.775 1

FHT 0527 0308 0.456 0.516 1

CS 0305 0.168 0.691  0.527 0.201 1

IOR 0433 0551 0865 0696 0.366  0.780 1
CPQS 0899 0.592 0.733 0.643 0.415 0.544 0.592 1

Then, the prediction errors of the cross-sectional regression for each measure are
calculated, and the results are summarised in Table 4.5. The results of the cross-
sectional regression are similar with the time series regression results. CPQS has the
smallest mean bias. In terms of RMSE, CPQS has the best result with a value of
0.177%, while Roll, RT, and IQR have close RMSE values, which span between
0.353% and 0.374%.

Table 4.5 : Prediction errors of cross-sectional regression of monthly spread
measures for the Turkish Sovereign Bond Market.

MBE MAE  RMSE

RT -0.152% 0.230% 0.368%
CHL 0.267% 0.358% 0.514%
Roll  -0.195% 0.262% 0.353%
FHT 0.232% 0.447% 0.746%
CS -0.280% 0.346% 0.458%
IOR -0.151% 0.281% 0.374%
CPQS 0.063% 0.103% 0.177%

According to the results of the time series and cross-sectional regression analyses,
CPQS dominates the other measures mostly. However, the results are different for the
other measures, none of them dominates the others clearly every time. Our results,
which indicate CPQS is the best proxy at capturing bid-ask spread dynamics, are
similar with Chung and Zhang’s (2014) results, who discover that CPQS outperforms
other liquidity measures for the US stock markets. Also, our results are coherent with
Fong et al. (2017), who assert that CPQS dominates both for daily and monthly
estimations as a relative proxy. Moreover, Marshall et al.’s (2018) finding about the
bid-ask spread on the ETF markets, which also denotes CPQS as the most competent
measure, endorses our results. Gao et al.’s (2021) findings also support our results for

superior performances of CPQS and FHT.
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On the other hand, Karnaukh et al.’s (2015) findings on the commodity markets and
Schestag et al.’s (2016) results on the OTC bond markets conflict with our findings.
Additionally, our findings does not support the results of Corwin and Schultz (2012)
and Lesmond (2005).

In addition to those findings, we examine the bond-specific characteristrics’ effects on
the bid-ask spread for the Turkish sovereign bonds with the first data set. The panel
regression, given in equation 3.5 is implemented with the variables described in Table
3.1

The summary statistics of the regression variables are given in Table 4.6, and the
pairwise correlation coefficients of the regression variables are represented in Table
4.7. TTM and NOM have positive coefficients against TWS, whereas the correlation
coefficients of VOL, MM, SET, and FRN with TWS are negative.

Table 4.6 : Descriptive statistics of panel regression variables for the Turkish
Sovereign Bond Market.

N Mean St. Dev.  Pctl(25) Median Pctl(75)
TWS 495 0,006 0,005 0,002 0,004 0,008
TT™ 495 654,194 1162,739 120,15 254,5 594,25
VOL 495 41,97 32,95 14,37 34,67 57,93
NOM 48 2436,83 890,66 1940,10  2300,40  2821,40
MM 48 0,265 0,442
SET 48 0,541 0,499

Table 4.7 : Correlation coefficients of panel regression variables for the Turkish
Sovereign Bond Market.

TWS TTM  VOL NOM MM SET FRN
TWS 1
VoL -0,221 1
TTM 0,514 0,108 1
NOM 0,156 -0,01 0,298 1
MM  -0,234 0,125 -0,249 -0,253 1
SET -0,025 0,198 0,031 0,063 -0,009 1
FRN -0,196 -0,081 -0,223 -0,161 0,521 0,045 1

The panel regression model results are given in Table 4.8. The model’s adjusted R-
squared value is 0.370. We implement the Breusch-Pagan test (Breusch & Pagan,
1979) to compare pooled OLS and panel regression methods. The test result indicates
that appling pooled OLS is inconsistent on this data set, since the variances across
groups are greater than zero, and there exist a panel effect. Next, we run the Hausman
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test to determine the correct panel data method, and the result suggests us to use a
random-effects model instead of fixed-effects models, which implies that the unique

errors and the regressors are not correlated.

Table 4.8 : Random effect panel regression results for the Turkish Sovereign Bond

Market.

TWS (Dependent variable)

TT™M 8.36E-05*** (0.00000)
VOL -1.3489E-06*** (0.00000)
NOM -1.41E-07 (0.51770)
MM -2.21E-04 (0.66353)
SET 2.23E-04 (0.55114)
FRN -1.703-E03* (0.02616)
Constant 3.69-E03*** (0.00000)
Observations 495
R? 0.378
Adjusted R? 0.370
F Statistic 296.047***

Hausman Test x? (6) 3.3128

Breusch-Pagan ¥2 (1) 5.6137**

Note: *p<0.1; **p< 0.05; ***p<0.01

VOL, NOM, MM, and FRN have negative regression coefficients, which means an
increase in one of these variables lead to a narrower relative bid-ask spread. On the
other hand, the independent variables with positive regression coefficients are TTM
and SET. Only three of the regression coefficients are statistically significant, which
are TTM, VOL, and FRN. There is a negative relation between MM and the bid-ask
spread according to the results. In other words, a narrower bid-ask spread is associated
with the market maker presence. Market makers supply quotes to an instrument and
bring an upper limit to the bid-ask spread (Beau, 2014). Hence, it is expected that the
presence of market makers increases liquidity, and decreases the explicit trading costs.
Therefore, MM’s regression coefficient is expected to be negative. Our results on the
market-making activity is coherent with the expectations, but the effect is not

statistically significant for the first data set.

Lower trade volume and fewer trade activity generally lead to wider bid-ask spreads
(Beau, 2014). So, the expectation for VOL is to have a negative regression coefficient;
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the greater volume, the lower transaction costs. According to our results, VOL’s

coefficient is significantly negative, and the expectation is relevant with the results.

For the TTM variable, the expectation is that shorter term to maturity leads to higher
trade volume and lower trading costs. TTM has a positive coefficient, so the result is
coherent with the expectations about term to maturity. Our results on TTM is also
relevant with Feldhiitter and Poulsen (2018), who assert that the bid-ask spread and
the term to maturity are positively correlated for the investment-grade corporate bonds.
On the other hand, our findings on TTM are partly endorse Edwards et al. (2007), who
find that the transaction costs are at the lowest point just after the bond issue and just
before the maturity date.

Additionally, our results are coherent with the findings of Galliani et al. (2014) to a
certain degree. Their findings about term to maturity is coherent with our results on
TTM. Nevertheless, NOM does not have a significant effect on the bid-ask spread
according to our results, while outstanding amount is signifcantly related with the bid-

ask spread according to their results.

Furthermore, FRN significantly affects the bid-ask spread. The fixed-rate bonds have
wider bid-ask spreads than the floating-rate bonds on average, according to the

regression results.

To summarize the findings for the first data set of Turkish sovereign bonds, the most
capable bid-ask spread estimation method is CPQS, while the others are not able to
dominate each other significantly. Shorter term to maturity or higher trade volume
leads to narrower relative bid-ask spread. Bond type is also a significant variable on

the relative bid-ask spread.

4.2 Findings on the Emerging Country Sovereign Bond Markets

For the second data set, the descriptive statistics of the monthly bid-ask spreads and
the independent regression variables are summarised in Table 4.9. Additionally, the
correlation coefficients of the regression variable are given in Table 4.10.
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Table 4.9 : Descriptive summary statistics of regression variables the Emerging
Country Sovereign Bond Markets.

N Mean St. Dev.  Pctl(25) Median  Pctl(75)
ARS 1670 -0.001 0.125 -0.015 0.000 0.015

AS 1670 64.078 77.893 8.615 68.295 134.673
BPV 1670 10.424 14.854 2.628 5.989 9.564
AMY 1670 -0.014 0.123 -0.045 -0.005 0.026
DUR 1670 4.944 3.256 1.919 4.296 7.750
VOL 1670 6.269 5.999 2.020 4.793 8.463
ACDS 1670 -0.451 4.923 -1.738 -0.424 0.710
MKT 1670 0.000 0.009 -0.005 0.001 0.006

Table 4.10 : Correlation coefficients of regression variables the Emerging Country
Sovereign Bond Markets.

ARS AS BPV AMY DUR VOL ACDS MKT

ARS 1

AS 0.004 1

BPV  -0.001 0.057 1

AMY -0.016 0.016 0.049 1

DUR -0.005 0.546 0.165 0.097 1

vVOL -0.011 0437 0.089 -0.061 0.419 1

ACDS 0.068 0.044 0.013 0436 0.038 -0.059 1

MKT 0.044 -0.017 0.006 -0.239 -0.029 0.031 -0.353 1

The results of the panel regression model, given in equation 3.7, are summarised in
Table 4.11. CDS, MKT and MY are the statistically significant variables on the relative
bid-ask spread, whereas AS, BPV, DUR, and VOL have only slight influences on the
relative bid-ask spread. According to the results, the sovereign bonds of the countries
with higher CDS or higher market return have wider bid-ask spreads. Additionally,
yield of a bond has significant effect on bid-ask spread. There is no significant

difference between countries.
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Table 4.11 : Mixed effects panel regression statistics the Emerging Country
Sovereign Bond Markets.

Coefficient  Std. Error t-Value Pr(>|t])
(Intercept) -11.010 17.680 -0.623 0.5333
AS 0.105 0.108 0.976 0.3290
BPV 0.287 0.463 0.620 0.5356
AMY -54.720 28.450 -1.924 0.0546*
DUR -2.256 2.433 -0.927 0.3539
VOL 0.245 0.814 0.301 0.7637
ACDS 2.921 0.725 4.029 0.0000***
MKT 985.4 357.4 2.757 0.006***
COUID 11.080 18.990 0.584 0.5595
COUIN 20.430 24.480 0.835 0.4040
COURU 24.020 27.250 0.882 0.3781
COUTR -3.070 18.420 -0.167 0.8676
COUZA 12.850 20.140 0.638 0.5235
AlC -2078.87
BIC -1992.14
Log Likelihood 1055.44
Num. Observations 1670
Num. Groups: Date 63
Num. Groups: Bond 33
Var: Date
(Intercept) 08y
Var: Bond
(Intercept) 0.000000
Var: Residual 0.01548

Note: *p<0.1; **p< 0.05; ***p<0.01

ID: Indonesia, IN: India, RU:Russia, TR:Turkey, ZA:South Africa

Our results on yield and credit risk endorse Chen et al. (2007), who assert that bond
liquidity, volatility, credit risk and yield are significantly related with each other. Bond
yield and credit risk effects the bid-ask spread whereas volatility is not significantly
related with the bid-ask spread, according to our results.

Our results about credit risk are coherent with Edwards et al. (2007), and our findings
on yield support Ariyana et al. (2020), who report that term to maturity has no effect
on liquidity, and yield has a significant effect on liquidity in the Indonesian sovereign
sukuk market. Also, our results are similar with Galliani et al. (2014) and Feldhiitter

& Poulsen (2018) for credit risk. On the other hand, our finding on volatility does not
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confirm Bedowska-Sojka’s (2019) results, and our results on bond duration does not

support Bao et al.’s (2011) findings.
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5. CONCLUSION

In this thesis, we examine two research questions about the sovereign bond liquidity
in emerging countries, with an additional focus on the Turkish soverign bond market.
The first question is about the low-frequency bid-ask spread measures’ ability to proxy
the real-time bid-ask spread, and the second question is about the bond and country
specific characteristics’ effects on the bid-ask spread. In order to answer these research

questions, we implement empirical analysis with two distinct data sets.

The first data set consists of the data of the Turkish exchange-traded sovereign bonds,
we investigate how effectively the low-frequency bid-ask spread measures are able to
proxy bond liquidity, and how the bond-level features affect the bid-ask spread. Plenty
of researches, which examine the efficiency of the bid-ask spread proxies for different
asset classes and markets, exist in the literature. Nevertheless, there is no clear answer
of the superior measure, and it is not obvious whether the previous results are valid for
the exchange-traded bonds, because of the differences in asset features, market
microstructures, and requirements of the market participants. So, we seek a suitable
bid-ask spread measure, which is efficiently able to measure the bid-ask spread with
less calculation burden and lower data requirement for the Turkish sovereign bonds,
which are traded in BIST DSM.

According to the empirical results, CPQS is superior to the other proxies and able to
represent the bid-ask spread dynamics. Less calculation burden and lower data
requirement surpass the decline in the accuracy of estimates for the Turkish sovereign
bonds traded in BIST DSM. The usage of daily data is adequate to accurately measure
bond liquidity, in terms of the relative bid-ask spread. However, the results may not
conform to distinct markets or asset classes, as bid-ask spread forecast generally differs

across distinct market microstructures and ends up with different results.

Investment decisions and cost of capital is affected by the bid-ask spread, since asset
liquidity imposes on transaction costs. Hence, these bond features may have significant
implementations for the market participants. Therefore, we examine bond-level
features’ effects on the bid-ask spread with the first data set.
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In order to analyze the bond-level features’ effects on the bid-ask spread, a fixed-effect
panel regression model is implemented. According to the panel regression results, the
bonds features, which significantly affect the bid-ask spread, are trade volume, term
to maturity, and bond type. Longer term to maturity or less trade volume results in a
wider relative bid-ask spread. Additionally, the floating-rate bonds have narrower

spreads than the fixed-rate bonds, on average.

For the second data set, which consists of sovereign bond data form six emerging
countries, we examine the bond-level and country-level determinants of the relative
bid-ask spread. Therefore, we implement a mixed effects panel regression model.
According to the regression results, bond yield and issuer country CDS are
significantly influential on the bid-ask spread. On average, higher country CDS, higher

market return and lower bond yield result in a wider relative bid-ask spread.

Since liquidity costs are related with asset return and total trade cost, the results could
be attractive for traders, issuers, and investors. Additionally, our empirical analysis has
important results with regard to the relative bid-ask spread forecast, asset liquidity, and
market structure, so the results could be beneficial for market regulators, as well.
Moreover, as exchanges, market authorities, or other regulatory bodies intend to
increase liquidity and reduce market frictions to enhance market efficiency and reduce

costs, they could find the results appealing.

The evidence about the adequacy of the low-frequency relative bid-ask spread
measures is coherent with some of the previous studies in the literature, such as the
results of Goyenko et al. (2009), Chung and Zhang (2014), and Fong et al. (2017) on
the US equity markets, Schestag et al.’s (2016) findings on the US fixed-income
markets, the research of Marshall et al. (2018) on the ETF markets, and Gao et al.’s

(2021) results on the Chinese stock markets.

Additionally, our findings on the relation between the bid-ask spread and bond features
for the Turkish sovereign bond market are parallel to the findings of Edwards et al.
(2007), and Feldhiitter and Poulsen (2018) for the US OTC bond markets, and the
findings of Galliani et al. (2014) in the EU bond markets.

Also, our results for the emerging country sovereign bond markets are coherent with
the results of Feldhiitter & Poulsen (2018) in the US bond markets. Besides, our
findings are comparatively similar to Chen et al.’s (2007), and Edwards et al.’s (2007)
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results for the US OTC bond markets, Galliani et al.’s (2014) findings for the EU bond
markets, and Ariyana et al. (2020) emerging country sukuk markets.

Even though, we achieve significant findings about the low-frequency measures, the
findings may not be generalized for every financial markets, as market microstructure
and asset specifications differ across asset classes. Additionally, short sampling period
for the second data set may limit us to generalize our findings on emerging country
sovereign bond markets to different bonds. Further research may involve a larger data
set and include different aspects of bond markets, such as credit ratings, in order to

obtain more robust and generalizable results.
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