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Abstract

This thesis examines the measurement of liquidity of Corporate Bond Exchange Traded Funds (ETFs).

First, an insight into the current position of ETFs, and in particular Bond ETFs is given. This is continued

by defining liquidity in general and in the context of ETFs. After outlining the methodology used in this

thesis, empirical evidence on liquidity measures, ETFs and bonds is briefly presented. Contributions are

made by an explanation of the data cleaning process for relevant Bond ETFs and a description of relevant

variables in the data.

The empirical analysis is separated into three parts, where all parts are based on a dataset provided from

a data provider called ETF Global. With the connection to a Trade Reporting and Compliance Engine

(TRACE) data base, the basket of underlying securities is analyzed and the composition of the ETFs is

used to predict the liquidity of the ETF itself. Afterwards, two liquidity measurements are calculated on

the basis of these trading data – the bid-ask spread and the Amihud measure. These proxies are compared

to the proxies of the ETFs themselves and it is found that the ETFs are more liquid compared to the proxies

based on the underlying securities. Also, the possibility of whether the underlying securities can predict

the liquidity of the ETF is tested. However, for this analysis, it was not possible to find consistency in the

results.

Keywords: Exchange Traded Funds, Corporate Bonds, liquidity, Net Asset Value, underlying securities
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1 Introduction

1.1 Motivation
With the first introduction of Exchange-Traded-Funds (ETFs) in the 1990s, their attractiveness increased

steadily due to their low transaction costs and intra-day liquidity. ETFs became a popular investment

vehicle and the ETF daily trading volume exceeds 36 percent of overall stock market trading volume in

the first half of 2016 (Ben-David, Franzoni, & Moussawi, 2017). In 2018 the number of ETFs worldwide

reached a peak of 6478 with global assets under management (AUM) of USD 5.02 trillion (Statista, 2019).

The future growth of global ETFs is forecasted to increase to USD 7.6 trillion by 2020 (Ernst and Young,

2017). Accounting for these represented numbers, EFTs have become one of the fastest-growing

investment products worldwide (Foucher & Kyle, 2014).

Particularly fixed income ETFs have been and still are one of the fastest-growing asset classes. This

growth of Bond ETFs is mostly related to the liquidity challenges in the bond market since the crisis in

2008 to 2009. Madhavan (2016) argues, that specifically regulations post-crisis are responsible for the

raising of costs for dealers to market makers and therefore, for the decline in trading volume and the

average trade size. Many of individual securities of corporate bonds trade infrequently and face therefore

discontinuous liquidity. Regarding Tucker & Laipply (2015), 37 percent out of more than 37.000 TRACE

eligible bonds did not trade even once in 2013, which presents the challenge for investors to liquidate or

purchase securities. The issue of fixed income ETFs offers a vision for the future because the trading takes

place on an electronic market, where firm and actionable quotations are continuously displayed.

Therefore, with the existence of Bond ETFs, all investors have the possibility to access the trading of

baskets of securities on a platform.

The growth in the market for fixed income ETFs can be seen in Figure 1. The numbers are based on US

Exchange Listed Income and display the AUM in billion USD. The almost constant market growth from

2002 to 2017 from USD 4 billion to USD 538 billion AUM is displayed by the blue line. This steady

growth is due to the fact that Bond ETFs enable investors to quickly reposition portfolios and to adjust

them to rapidly shifting market conditions.
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Figure 1 - Growth in AUM in Fixed Income ETFs

Source: own representation based on Tucker & Laipply (2015)

ETFs are investments that hold a basket of underlying securities. The trading takes place on the stock

exchange while giving the investors the possibility of short or long positions. If there is an imbalance in

the supply or demand, ETF shares will be created or redeemed. The imbalance will occur, if the prices of

the ETFs are either higher or lower compared to the underlying bond portfolio. There are two mechanisms

that keep ETF prices in line with the basket value, which are called primary and secondary market

arbitrage. On the primary market, authorized participants (APs) create and redeem shares. The APs are

buying the less expensive ETF share or underlying security and exchange with the more expensive share.

The mechanism on the second market is arbitraging ETFs and their underlying securities regarding closing

of price discrepancies of the two assets (Ben-David, Franzoni & Moussawi, 2017). Figure 2 shows the

mechanism of the share creation process. This process will be explained more detailed in section 2.2 about

ETF liquidity.

 Source: own representation based on Tucker & Laipply (2015)
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Even though Bond ETFs are adding an incremental value of bond market liquidity for investors, the

dependence of the ETF structure itself on the liquidity of the underlying market is still existing. The price

at which they trade remains based on the value of the underlying securities held with the ETF. For these

reasons, it is important to analyze the basket of the underlying securities to understand the value of the

ETF (Tucker & Laipply, 2015).

The high rise in the number of Bond ETFs and the associated liquidity supply to the bond market indicate

how attractive they are for investors. Due to this fact, Bond ETFs also become more popular to be analyzed

in research projects. This thesis should contribute to the literature analyzing Bond ETF, market liquidity

and growing interest in Bond ETFs and their underlying securities.

1.2 Problem statement
The aim of the thesis is to analyze the liquidity of Bond ETFs and to determine, if the underlying securities

are affecting the liquidity of the ETFs and in which spectrum the liquidity can be used to predict the

pricing of the ETFs.

The assessment of the objective of analyzing the liquidity and the pricing of Bond ETF raises a number

of questions relating to the liquidity of underlying securities and pricing of the ETFs. These questions are

stated below.

§ What is liquidity and how can liquidity be measured?

§ What did other researches imply regarding liquidity and ETFs?

§ How should a Corporate Bond ETF be defined?

§ How does the composition of the Bond ETF basket affect liquidity?

§ Are Bond ETFs more liquid than their underlying securities?

§ How does Bond ETF Liquidity influence the price of an ETF?

Through the different parts of the thesis, these questions will be answered based on reviewed literature

and empirical analysis. However, based on the fact that ETFs are exposed to limited data accessibility a

discussion section and further research advice will be given.

1.3 Scope
As already mentioned, this thesis focuses on Bond ETFs, even though the data is provided for several

types of ETF. Information about liquidity and Bond ETFs will be explained more detailed in the

theoretical part of the thesis.
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The data analysis will only cover Bond ETFs, for which TRACE contains in average more than 50 percent

of trading data. The data sources are introduced shortly in the following and a detailed data description is

displayed in section 4.

1.4 Data Sources
The source for the ETF data is provided from ETF Global with detailed information for around 2 thousand

ETFs. The data for the ETFs covers the time horizon from May 2017 to October 2018. Additionally, the

trading data is gathered from the TRACE data base. A combination of these two data sources provides

the necessary data for the analysis conducted in the thesis.

Summarizing, the master thesis proceeds as follows. Section 2 contains details of the theoretical

framework and provides general knowledge about ETFs, liquidity and its measurements. Section 3

documents empirical evidence about similar studies and develops the research hypotheses. Section 4

investigates the methodology that is used for the statistical analysis and contains all information about

data sources, data description and data cleaning. Section 5 displays the established results from the

liquidity analysis. Section 6 follows with a discussion that contains a critical examination and advice on

adjusting the analysis. Finally, this thesis concludes and gives an outlook for future research.

2 Theoretical background
In this section, the theoretical framework regarding liquidity and ETFs is introduced. As a first step,

liquidity in the broader sense will be defined. Thereafter, the liquidity for ETFs will be described in more

detail. At the end of the section, a deeper insight into the particular liquidity of Bond ETFs is given.

2.1 Liquidity
Amihud & Mendelson (1988) identify market liquidity as a relevant topic because of its linkage to the

institutional organization of a market. The combination of these two aspects leads to the question of the

efficiency of market transactions.

In analyzing liquidity, it is important to consider at least three characteristics of liquidity: breadth, depth

and resiliency. First, a market it broad, when the volume of buying and selling orders is large. This is not

the case, if there is a large spread between bid and ask prices. Second, a great depth dimension is indicated,

when a large trade does not have a huge impact on the price. Which means, that there are orders both

above and below the trading price of an asset. Finally, a resilient market is a market where many orders

response to price changes. The speed at which prices reach stability after a large trade is called resilience.

Therefore, there is a lack of resilience when the adjustment of the order flow is not responding quickly.

An indicator for resilience is volatility or volume traded. These three aspects affect the structure of the
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Source: Vanguard Asset Management (2015)

financial market and therefore, liquidity has an impact on the prices of assets and the degree of competition

between market actors (Gabrielsen, Marzo, & Zagaglia, 2012).

Liquidity is a feature indicating how quickly an investor can sell and purchase an asset without a drastic

change in the asset price. Therefore, a liquid asset is defined by the possibility of quick trading of large

quantities including low transaction costs and low impact on the price. The trade-off in a liquid market is

between the speed of sale and the price the asset can be sold for. The definition of a liquid market is,

therefore, a quick sale with no reducing of the price (Chordia & Roll, 2012).

When an investor wants to invest in assets, the ability to resell them will be considered anytime. At the

moment of the investment it will be considered what cost it will have in the future, and at what price it

will trade. Therefore, liquidity always affects future cash flows.

For an immediately sell it is hard to find a buyer if there is no market to trade. The investor must search

for a potential buyer and negotiate a trading price. The costs to reduce the price is likely if you find a

buyer. To have simplified trading it is possible to use an advisor, but this comes with administrative fees.

Already these two different examples show that the cost of buyer’s remorse – the illiquidity cost – vary a

lot for different assets classes. Although the ETF is an investment fund and not a stock, it fortunately has

the single-stock trading characteristic and is traded on the stock exchange (Amihud & Mendelson, 1991).

2.2 ETF liquidity
ETFs are viewed as a more liquid alternative to mutual funds that are traded on the stock market. In

general, the liquidity of ETFs is similar to the liquidity of a stock. An ETF is identified as liquid if there

is not a significant difference in the willingness to pay of buyer and the willingness to sell of a seller.

Nonetheless, ETFs differ from single shares in several categories, as shown in Table 1 below.

Table 1 - Difference between ETFs and single shares

ETFs Single shares

Price Based on the value of the

underlying portfolio

Based on supply of / demand

for available shares

Supply Open-ended Closed-ended

Primary source of liquidity Trading activity of securities in

the underlying portfolio

Trading activity of the share

Best measure of liquidity ADV of securities in underlying

portfolio

ADV of the share
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Besides the trading activity of the underlying securities in the portfolio, which is thought to be the primary

source of liquidity, another important variable for the liquidity of ETFs is the Net Asset Value (NAV).

The NAV is calculated by dividing the difference between the sum of all its assets and the liabilities by

the number of outstanding shares.

=
−

ℎ

This equation shows that the NAV represents a per-share value of the fund that simplifies the identification

of the value and transactions in the fund share. The NAV of an ETF is computed by the values of the

underlying basket. If there is a large discrepancy between NAV and the value of the underlying securities,

lower liquidity is given. Besides that that a decreased ability to trade profitably is an indicator for low

liquidity (Madhavan, 2016).

Moreover, there are primary and secondary factors, which influence the ETF liquidity. Primary factors

include, among others, the composition of an ETF. The composition of an ETF is given by the composition

of its underlying securities in respect to different asset classes, i.a., real estate, fixed income, equities,

commodities, and futures. Regarding liquidity, it is usually considered that less liquid underlying

securities define an ETF as being less liquid. The market capitalization is defined by the number of shares

outstanding and the market price per share. The higher the market capitalization is, the higher is the

liquidity of these assets. Another factor regarding the composition of an ETF is the risk the underlying

securities are exposed to. There are several risks when investing in an ETF. These include for instance

market risk, trading risk and liquidity risk that are all dependent on the risks of the underlying securities.

The less risk the underlying face, the more liquid is the asset. The last indicator regarding the composition

of an ETF is the domicile of the underlying securities. While domestic securities show higher liquidity,

foreign securities are less liquid (Artzberger, 2019). One reason for that is the so-called home bias,

meaning investors are biased towards domestic financial instruments as opposed to foreign securities.

Additionally, those are traded in different time zones. But in general, the domicile is the weakest factor

influencing the liquidity of ETFs. The second primary factor is the trading volume of an ETF stock and

therefore, the supply and demand of securities. Actively traded securities are more liquid such that the

ETF is in principle more liquid, too. The trading volume of the ETF itself is a secondary factor influencing

slightly the ETF liquidity. The liquidity of an ETF is based on the markets the ETF is traded (Novick,

Madhavan, & Ananth, 2017). When introducing liquidity and trading of ETFs, it is important to remark

the existence of two markets: the primary and the secondary market. Both markets are presented more

detailed in the following sections.



7

2.2.1 Primary market

The primary market is the market, on which ETFs are redeemed into or created from underlying securities.

As a result on the primary market is the main source of liquidity the trading activity of securities in the

underlying portfolio. Therefore, the best measurement of liquidity is the value of underlying securities.

The creation of one ETF basket on the primary market is visualized in Figure 3.

In the following, the process on the primary market is described in more detail. APs create and redeem

ETF shares directly from the ETF manager. Therefore, the AP can change the supply of ETF shares

available. The creation and redemption process matches the supply of ETF shares to the demand of the

investors (Ben-David et al., 2017).

How efficient APs create or redeem shares is decisive for the liquidity in the market. On the primary

market, “ETF shares can be created or redeemed at the end of each trading day for the NAV of the fund.

Unlike traditional open-end mutual funds, however, this creation and redemption process can only occur

between the fund sponsor (i.e., the ETF issuer) and Aps” (Pan & Zeng, 2017, p.7).

It is possible that the market price of ETFs differ from the NAV of the underlying basket due to the trading

of underlying assets. Hereby, there is an arbitrage opportunity, when the discrepancy between the ETF

and the underlying securities exceeds the transaction cost. This is why an AP purchase the cheaper asset

on the market and sell the more expensive to eliminate price discrepancies. Ben-David et al. (2017) state

that there are approximately 34 APs for each ETF.

Figure 3 - Primary Market Process: Creation of ETFs
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For the elimination of the price discrepancy, two different cases need to be taken into account. On the one

hand, the price is smaller than the NAV and on the other hand, the price exceeds the NAV. If the price of

the ETF is higher than the NAV, the ETF is traded on a premium. The APs have the incentive to buy

underlying securities and want to exchange them for newly issued shares. Next, the APs sell the new

supply on the secondary market, which exerts pressure on the ETF shares, such that the NAV increases

and reduces the premium (Pan & Zeng, 2017). The creation process is visualized in Figure 4 below.

The other way around, a discount is given if the price is lower compared to the NAV. In this situation, the

AP purchases ETF units in the market and redeems them for the basket of underlying securities. When

the AP sells securities on the market, the NAV is affected by positive price pressure. This dealing reduces

the discount and removes the discrepancy between price and NAV (Ben-David et al., 2017). The below

Figure 5 shows the visualization of the ETF share redemption process.

2.2.2 Secondary market

Most non-institutional investors conduct their business on the secondary market - which means that

investors trade the ETF shares currently available. There are two sources of liquidity in this market. On

the one hand, there is the visible (on-screen) liquidity and on the other the hidden liquidity.

The visible liquidity is determined by the volume of ETF shares traded. The trading activities, which

include buying and selling in the secondary market, are a visible source. The measurement average daily

volume (ADV) is an indicator for the trading activity but does not indicate an ETF’s total liquidity. On

the secondary market, exchange registered traders, often called market makers, enhance the natural

Figure 5 - ETF Share Redemption

Source: own representation based on Novick, Madhavan, & Ananth (2017)

Figure 4 - ETF Share Creation

Source: own representation based on Novick, Madhavan, & Ananth (2017)
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liquidity of ETF trading. They are responsible for maintaining a fair market by selling and buying ETFs

to and from potential sellers. If there is no possible seller or buyer currently on the market, a market maker

will take this position (Agarwal, Hanouna, Moussawi, & Stahel, 2017).

Besides the visible liquidity, there is a part of the ETFs liquidity, which is not readily visible and therefore

often regarded as hidden liquidity on the stock exchange. The typical investor’s knowledge about liquidity

is limited to public information, especially from financial websites. The public financial websites will

provide the highest bid and lowest ask, but no information about the quotes in an ETF’s order book. The

mentioned quotes are an important liquidity source as they represent additional prices for trading ETF

shares (Vanguard Asset Management, 2005). Figure 6 shows the two described layers of the present

liquidities on the secondary market. Moreover, the previously mentioned liquidity from the underlying

securities on the primary market is presented to complement the visualization of the liquidity layers.

Similar to the primary market, there are arbitrage opportunities on the secondary market. This means that

investors buy the inexpensive asset and short sell the more expensive one between ETF and basket of

underlying securities. This works by the described holding positions until prices converge and then closing

out the positions to realize profits. Obviously, this entails certain risks and the arbitrage strategy is exposed

to uncertainty. Buying ETFs against NAV as an arbitrage strategy for trading has become popular the

recent year. Therefore, ETF sponsors facilitate arbitrage activities by disseminating NAV values at a

frequency of 15 seconds throughout the day. The statistical arbitrage accounts for 50 percent of the volume

in the SPY, which is the most traded security in the US (Ben-David et al., 2018). The secondary market

trading process on the stock exchange is visualized below (Figure 7).

Figure 6 - The layers of ETF liquidity

Source: own representation based on (Vanguard Asset Management, 2005)
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Figure 7 - Secondary market trading

Source: own representation based on Novick, Madhavan, & Ananth (2017)

2.3 Bond ETF liquidity
Bond ETFs are classified as a closed-ended subset of the mutual fund asset class. Bond mutual funds

provide the opportunity to invest in diverse exposure to various sectors of the fixed income market. As

already stated, the price of an ETF is based on the value of the underlying portfolio and therefore, supply

and demand of available shares affect its price just in certain circumstances.

It is a natural liquidity mismatch when liquid ETFs hold relatively illiquid assets. While the ETF trades

on an exchange, the underlying corporate bonds are traded bilaterally in over-the-counter (OTC) markets.

Therefore, Bond ETFs face the challenge of being liquid instruments based on traditionally less liquid

underlying assets (Pan & Zeng, 2017).

As already mentioned, over the past several years the number of Bond ETFs have grown rapidly. Although

this new investment strategy is still smaller than the equity ETF market, the number of fixed income ETFs

has doubled nearly every three years since 2002 (Vanguard Asset Management, 2005). Fixed income

ETFs offer investors efficient access to the bond market, which is a major advantage for buyers and

investors of corporate bonds. They have the opportunity to trade with highly illiquid assets indirectly on

the stock market. Managers select the Bond ETF portfolio regarding duration, sector, credit quality and

availability. In contrast to bonds, the ETF duration is not going down as it is closer to maturity. They

maintain a constant maturity, which is the weighted average of the maturities of the underlying bonds

(Novick, Prager, & Fisher, 2015). The Bond ETFs attractiveness increases in their liquidity. The ability

to buy and sell at any time during the fiscal year and the so-called easy-trading, while selling from a

normal brokerage account are two main factors for the increase in the popularity of ETFs. In addition, an

investor gets access to specific areas of a bond market. Due to diversification and the fact that an investor

holds several bonds at once, a more frequent, as opposed to a semiannual income, as it is the case for

regular bonds, is guaranteed. Regarding this, Tucker & Laipply (2015) assume, that ETFs could eventually

result as market benchmarks for specific fixed income maturities.

Despite the outlined positive characteristics regarding Bond ETFs, the additional risk, which is carried for

this investment, must be considered. As maturity is missing, it is not guaranteed to get your initial



11

investment back at any point in time. Even though the number of Bond ETFs is expanding, the ownership

of corporate bonds is very low compared to other investment strategies (ETF.com, 2019).

2.4 Measurement of liquidity and illiquidity
In this section, the two considered proxies for liquidity measurements are introduced shortly. Deeper

insights will be provided later in section 5.

Bid-Ask spread

The bid-ask spread is the difference between the price for which an asset can be purchased (ask price) and

the price for which an asset can be sold (bid price). In other words, the bid-ask spread shows how much

a trader has to pay for buying and immediately selling a given security. The spread between these two

prices is a result of processing costs, inventory risk, and adverse selection. These drivers are sources for

illiquidity in the market. The bid-ask spread from one asset to another asset differs mainly due to the

liquidity of each individual asset. This is because certain markets are more liquid than others (Roll, 1984).

Amihud measure

Another proxy for liquidity measure is the Amihud (2002) ILLIQ measure. This measurement

concentrates on the market depth and therefore, the quantities of an asset. It measures the possibility of

selling large quantities of an asset immediately after purchasing, without any change of the price. If this

is possible, the asset is considered to be liquid. Consequently, the Amihud measure measures the

illiquidity of price sensitivity to trade volume (Feldhütter, Lando, Dick-Nielsen, 2012).

3. Empirical Evidence
After providing first insights into the theoretical framework of this thesis, different empirical studies will

be reviewed to gather empirical evidence. The studies that will be reviewed concentrate on liquidity, ETFs

and pricing of assets.

3.1 Liquidity of Bonds

Chakravarty, Sarkar (1999) - Liquidity in U.S Fixed Income Markets: A Comparison of the Bid-Ask Spread

in Corporate, Government and Municipal Bonds Markets

The first paper that is presented is published in FRB of New York Staff Report in 1999. The transaction

data that is used is from 1995 until 1997. The authors examine the difference in the bid-ask spread within

different kinds of bonds. The bonds analyzed are corporate, municipal, and government bonds in the

United States. In their findings, they emphasize, that the bid-ask spread is decreasing in trading volume

for all markets. Based on this result they conclude that the bid-ask spread can be used to measure liquidity.

The authors calculate the bid-ask spread per-bond per-day for every bond with at least one buy and one
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sell for every transaction day. They use the average buying and selling price per day and define the

difference in selling price and buying price as the spread. The main finding of their analysis based on the

bid-ask spreads is, that the most liquid bonds are government bonds, followed by corporate bonds. In

contrast, the most illiquid type of bonds are municipal bonds.

Bao, Pan and Wang (2011) – The Illiquidity of Corporate Bonds

The paper in which Bao et al. analyze the illiquidity of corporate bonds was published in The Journal of

Finance in 2011. Their main objective of the research is to assess directly the pricing impact of the

illiquidity of corporate bonds. In their research, they use transaction data from TRACE for the time

horizon from 2003 to 2009 and highlight, “that the illiquidity in corporate bonds is substantial,

significantly greater than what can be explained by bid-ask spread” (p. 911). In their analysis, they use

nine different liquidity proxies, which all lead to similar results. They find that the illiquidity of corporate

bonds is fluctuating over time.

The two reviewed papers in combination with the fact that the ETF structure itself depends on the liquidity

of the underlying securities lead to the following hypothesis:

H1a: The higher the share of non-corporate assets in an ETF, the higher the liquidity of the ETF.

H1b: The higher the share of non-frequently traded corporate bonds in an ETF, the lower the

liquidity of the ETF.

3.2 Liquidity of underlying securities

Shestag, Schuster and Uhrig Homburg (2013) – Measuring Liquidity in Bond Markets

Shestag et al.’s paper was published in 2013 in The Review of Financial Studies. In their research, they

address the issue of how to best measure liquidity in the OTC market and evaluate a wide variety of bond

liquidity measures. There is no available intra-day data as bonds are not traded often within the day. In

the research they calculate eight different liquidity measures from market transaction data. They point out

that a lot of studies related to the corporate bond markets are using their own approach for measuring

liquidity. The results of measuring liquidity are correlated for the measures with high-frequency. In

addition, they test if liquidity proxies with low-frequency data – like the bid-ask price – can be used to

measure liquidity. They find out that low-frequency proxies calculated from TRACE are valuable in

measuring liquidity. Thus, giving the advice that TRACE can be used to measure liquidity in bond

markets. In their paper, it is shown that ETFs have higher liquidity than underlying securities of portfolios.

In other words, ETFs are more liquid than a basket of its underlying securities.
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Feldhütter, Lando, Dick-Nielsen (2012) – Corporate Bond liquidity before and after the onset of the

subprime crisis

Dick-Nielsen et al. published the paper about corporate bond liquidity in The Journal of Financial

Economics in 2012. The research within this paper considers how different liquidity measures of bonds

move with the onset of the subprime crisis. The observation period of their data is from 2005 to2009.

Their main findings indicate that bonds become less liquid when financial distress hits a lead underwriter.

In their paper, they present an approach for calculating liquidity measurements for corporate bonds. The

calculation of the liquidity proxies bid-ask spread and Amihud measure is based on the methodology of

this paper. How these calculation are set up is explained in detail later in the sections 5.2.1 and 5.2.2.

Ben-David, Franzoni and Moussawi (2018) – Do ETFs Increase Volatility?

The paper published in 2018 by Ben-David et al. in The Journal of Finance is about the comparison of

stocks and ETFs. The main purpose of the paper is to assess if stocks with higher ETF ownership display

higher volatility, ceteris paribus. Additionally, they try to show if ETFs are significantly more liquid on

average than the basket of underlying securities. They state, that the condition for this is that a world

without ETFs, is less liquid regarding the trading of the underlying securities. To illustrate this, the authors

compare liquidity proxies of the ETFs with calculated liquidity proxies based on the underlying securities

of the ETF.

The liquidity measures are compared in three dimensions. These are the percentage of the bid-ask spread,

the Amihud measure of price impact, and the daily turnover. For every individual ETFs they “compute

the average of each liquidity measure across the stocks in a basket for a given quarter” (p. 2489). As a

next step, they compute the weighted value mean according to their market capitalization in one ETF by

using the average of each liquidity measure. In their study, they use data covering 64 quarters in the time

period from Q1 2000 until Q4 2015.

Next, they use the average of the 64 quarters to display the results and use a t-test to test all the proxies

for significant statistical differences. The results of the test along all dimension are that the ETF is

significantly more liquid than its baskets of securities. This indicates that for the bid-ask spread and the

Amihud ratio, the value of the average should be smaller compared to the underlying stocks. For example,

the bid-ask spread is about 20 basis points lower in the ETF as compared to the stock proxy. The Amihud

measure is with 50 basis points significantly lower in the ETF. For the daily turnover rate, it is the other

way around and the value of the ETF should be higher than the underlying stocks to be more liquid. The

result shows that the ETF turnover is about 7.5 percent higher.
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The resulting hypothesis from these three reviewed papers leads to the following three hypotheses:

H2a: The ETF is more liquid, compared to its underlying securities.

H2b: The liquidity of the ETF is predictable by the liquidity of the underlying securities.

H2c: The liquidity proxies calculated based on the underlying securities have a positive

correlation.

3.3 Liquidity and pricing of assets

Mendelson and Amihud (1986) – Asset pricing and the bid-ask spread

Mendelson and Amihud’s paper about asset pricing was published in The Journal of Financial Economics

in the year 1986. They are studying the effect of the bid-ask spread on asset prices of stocks. For the

analysis, they are using the methodology of Fama & MacBeth (1973) for cross-sectional regression. They

are testing the hypothesis, if there is a rise in the expected return if the bid-ask spread is increasing. As

the rise in the expected return is like a premium for the investor, this is compensated by lower prices of

the ETFs. Put differently, this indicates that a higher price is affected by a decreasing bid-ask spread and

therefore, by increasing liquidity. In their paper, they show that the price decreases logarithmically

regarding an increase in the bid-ask spread.

They find out, that an asset with a yield of USD 1 has a predicted bid-ask spread of 3.2 percent and an

associated value of this asset of USD 50. When reducing the spread to 0.49 percent the asset value is

increasing to USD 75.8. These results show that there is a roughly 50 percent increase in the value of the

asset.

Since these findings are based on assets, it should be analyzed within this thesis, whether similar results

can be found for Bond ETFs.

The literature review results in the following hypothesis for this thesis:

H3: The more liquid the underlying securities of an ETF, the higher is the price of the ETF.

4. Empirical Methodology
In this section, the methodology used in the analysis is described. The section includes the statistical

methodology behind the models for the t-test and the motivation for its application. Furthermore, the

correlation coefficients and the ordinary least squared (OLS) regression estimator are explained. In the

second part of this section, the data sources and the cleaning process are displayed.
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4.1 Statistical Analysis

4.1.1 T-test

The t-test is a type of inferential statistics, which is used to determine if a significant difference between

means of two samples exist. The t-test to be used depends on the relation of the samples.

However, for all kinds of t-tests, two hypotheses are set up: The null hypothesis H0, which states that the

true mean in the samples are equal to zero, and the alternative H1, which states that the true mean in the

samples is not equal to zero. Depending on which t-statistics is considered the alternative varies between

three hypotheses (Dalgaard, 2008). The null hypothesis and three possible alternatives are stated below:

§ The null hypothesis assumes that the true mean difference (μd) is equal to zero: H0: μd = 0

§ The two-tailed alternative hypothesis assumes that μd is not equal to zero: H1: μd ≠ 0

§ The upper-tailed alternative hypothesis assumes that μd is greater than zero: H1: μd > 0

§ The lower-tailed alternative hypothesis assumes that μd is less than zero: H1: μd < 0

Two-sample t-test

One of the most commonly used t-tests is the two-sample t-test. It is applied, to compare whether the

average difference between two samples is significant or if it is rather random. The assumption behind

the two-sample t-test is that both samples are random normally distributed (Chieh, 2019). To give an

example in the data cleaning process the means of the weights of two different focus groups are compared,

for which the two-sample t-test is conducted.

There are different two-sample t-test and which one to use is identified by comparing variances, which is

tested with the F-test of equality of variances. If the groups show unequal variances indicated by a low p-

value in the F-test, the Welch t-test is used, and the t-value is calculated by the following formula:

 −  = 1 − 2

( ) + ( )
   , ℎ ( ) =

If there are equal variances, the t-value calculation differs slightly.

 −  = 1 − 2

1 + 1
   , ℎ =

( − 1) + ( − 1)
+ − 2

This t-value is compared with the critical value from the respective distribution table. In the case of the

two-tailed alternative hypothesis, the null hypothesis is rejected, if the t-score is extremely low or

extremely high.
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Paired t-test

Another part of the analysis is to assess if there is a significant difference when comparing two liquidity

proxies for the same point of time. To assess the significance of these proxies, a t-test is conducted. In this

thesis, a comparison of two different measurements that are applied to the same observation, indicated by

the date and ETF Ticker is needed. Therefore, the paired t-test needs to be used, as the sample can be

paired through other variables in the samples.

The difference of each pair is calculated and used to compute the sample average difference value ( ̅).

This mean difference is divided by the standard deviation of the difference ( ). This quotient is the t-

value, which the test statistic.

−  =    , ℎ =
√

The t-value is compared with a critical value of a distribution table with the degrees of freedoms (n – 1)

to decide, whether the null hypothesis can be rejected. A high t-score indicates that the proxies are

different, and a small t-score indicates that the proxies are similar.

To have valid results, it is advisable to use a paired t-test, where no extreme outliers exist.

4.1.2 Correlation coefficient

The correlation coefficient is used to identify a statistical relationship between two different variables.

The coefficient is used to identify if two variables are moving in the same or opposite directions. The

range of the correlation coefficient is from -1 to +1, where a positive correlation close to +1 shows a

strong positive relationship. Contrarily, a value close -1 states a strong negative relationship, and a

coefficient close to zero indicates no relationship.

The calculation of the correlation coefficient of the two proxies is set out by dividing the covariance by

the product of their individual standard deviations.

=

To assess information about the correlation within the ETFs, the intra-class correlation (ICC) coefficient

is applied. This measurement describes how strongly units in the same group resemble each other (Glen,

2019).
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In this research, the correlation coefficient is used in order to investigate whether two different liquidity

proxies resemble each other. Later in the thesis, the correlation of the price and the proxies are calculated

to understand how helpful the proxies of liquidity are in determining prices.

4.1.3 Regression analysis

The ordinary least squares (OLS) regression is often used statistical analysis type to gain more information

about the linear relationship of two variables. The simple regression model is given by the formula:

= ℎ + +

The variable x is the independent variable, also referred to as the explanatory variable. This variable

should, in the optimal case, describe most movements of variable y, which is called the dependent

variable. The two parameters alpha and beta are unknown coefficients that are estimated based on the

given information for the dependent and independent variables.

The ordinary least square method is used for estimating theses unknown parameters for the linear

regression model. The OLS method estimates the parameters by minimizing the sum of the squares of the

differences between the observed dependent variable and the predicted values by the linear function. The

function for the least squares estimate is given by the following formula.

=
∑ − 1 ∑ ∑

∑ − 1 (∑ )
=

( , )
( )

Given the beta parameter, alpha is calculated by using the average values of the independent variable ( ̅)

and the dependent variable ( ).

ℎ = ̅

In section 5.2, the OLS regression is used to determine a model that can predict the actual liquidity by the

liquidity of underlying securities. Furthermore, OLS regressions are used to predict the price of the ETF

with the liquidity proxies calculated.

To get information on the goodness-of-fit of the OLS regression it is common to determine the R-squared

coefficient. The R-squared coefficient is the ratio of the explained variance to the total variance of the

dependent variable y.

− =
∑( − )
∑( − )
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Fixed effects

Fixed effects are used as an extension to the regression model in order to improve the model performance.

The individual variable is fixed with no random quantities; therefore, the data is grouped according to one

provided variable. Each group of the independent variable is a group specific quantity. The formula for

the new regression model contains the constant alpha with an index as an unknown intercept for each

entity, here for each ETF. The coefficient for the independent variable beta is not changing regarding the

entity, but the error term does.

, = ℎ + , + ,

In the thesis, the fixed effect estimator, or often referred to as within estimator, is used to include outlined

fixed effects in several models.

Heteroscedasticity and Autocorrelation

All types of regression contain standard error terms. If these standard errors are not constant over time,

heteroscedasticity is present. Visualizing the data, it can be seen that the errors in the model do not have

the same dispersion, regardless of the value x. Heteroscedasticity is affecting the OLS estimator in fact

that the standard errors will not be robust, making the estimator any longer BLUE (best linear unbiased

estimator). If heteroscedasticity is known, the fitting has to be corrected to determine a BLUE estimator.

For this, the Newey-West method is used to obtain the so-called Heteroscedasticity and Autocorrelation

Corrected (HAC) standard errors.

Multiple regression

The multiple regression is an extension of the simple linear regression analysis. The multiple regression

is used, when predicting a given dependent variable by more than one independent variable. The

regression equation changes compared to the previous by adding additional terms of the product of the

independent variables and the respective coefficient.

, = ℎ + 1 , + 2 , + ,

The estimated coefficients - the alpha estimate or constant, and two estimates beta1 and beta2 are

determined in the regression results. Additionally, all these estimates are tested for significance with a t-

test. Again, the null hypothesis, that a coefficient is equal to zero, can be rejected with a sufficiently small

p-value. Therefore, a coefficient can be assumed to be different from zero, meaning that an independent

variable can be used to predict a related dependent variable. To test, whether significance is given jointly

for all the estimated coefficient, an F-test has to be conducted. The test statistic of the F-test is interpreted

in the same way as the t-test. A small p-value leads to a rejecting the null hypothesis, which states that all

independent variables have coefficients that differ jointly from zero.
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4.2 Data
In this part, the data sources and data samples are described. Thereafter, an explanation of the data

cleaning process is displayed. In addition, relevant variables are described in more detail. This is combined

with an introduction based on descriptive statistics of the relevant data observations.

4.2.1 Data description

ETF Global

The data is collected from the freeware program WinSCP. The independent provider of the data ETF

Global provides ETF Reference Data and Quantitative Research to the Investment, Academic, and

Governmental sectors worldwide. The source for the data is the US Listed Exchange-Traded-Funds,

which is sourced directly from fund sponsors, custodians, distributors, and administrators (ETF

GLOBAL, 2019).

The raw datasets contain observations for all classes of ETFs. The observed period lasts from the 1st of

May 2017 to the 31st of October 2018. In total, the data represent 393 observations days during this period

of time. The ETF Constituents files contain historical and daily holdings information with a total of twelve

different variables, date, name, broad asset class and a unique identifier for the underlying securities,

among others. Additionally, there is information about the ticker as an indicator for the ETF it belongs to,

the weight of the underlying securities in the bond, the market value, and the number of shares. As an

example, to get a better overview of the rough size of the constituent’s files, the file for the 1st of May

includes around five hundred thousand observations.

The other three files provided by ETF Global are on an ETF level and include, therefore, no information

about individual underlying securities. The ETF Profile Data contains general product information, the

variable trading and bid-ask spread, among others. In addition, the files contain industry specific

information and classification details on exposures. The ETF Daily Fund Flows files include the number

of shares outstanding and important information about the NAV of the ETF. The last files contain scores

of a Global Proprietary Analysis. On the one hand, there are scores for a reward model and on the other

hand, there is information about the risk model. The daily data information is available for roughly two

thousand ETFs.

TRACE

The data source TRACE is used for the following analysis and to get more information about trades of

the underlying constituents of the given ETF Global data. TRACE is a source for historic and academic

data regarding corporate bonds. The enhanced database contains information about daily trading of

corporate bonds and facilitates the mandatory reporting of OTC secondary market transactions in eligible
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fixed income securities (FINRA, 2019). The update of the data is scheduled quarterly and is available

until the end of 2018. TRACE data is used to obtain the data transaction data for all bonds held by ETF

in the sample of ETF Global from May 2017 to October 2018. The common indicator with the ETF Global

Data is the 9-digit Committee on Uniform Security Identification Procedures (CUISP) identifier of the

issue. In total, the relevant TRACE data available contains over one million details about different

transactions. The variables given include ratings, issue size, amount outstanding, and maturity, among

others. More information about TRACE data can be found in Appendix A.

4.2.2 Data cleaning and data manipulation

Data cleaning for ETFs with asset class corporate

Before starting with the analysis, the data needs to be cleaned. The data cleaning process is necessary to

identify irrelevant parts of the data. The analysis of this thesis is about the liquidity of ETFs containing

corporate bonds. Therefore, the first step is to take a deeper look at the underlying securities in the

constituent datasets. In the datasets, an indicator needs to be found that allows a first step in identifying

the class of the underlying securities. The indicator for the class of the underlying securities is the variable

asset class in the ETF constituent files. Different types of assets classes in the data given are equity,

municipal bonds, government reserve, and corporate. The number of data points is reduced by filtering

the available dataset for the asset class corporate. The underlying securities for which the asset class is

not corporate are discarded. As the constituent datasets are too large to merge, the filtering must be run

separately for all daily files and therefore, 393 times.

Thereafter, for the remaining data, the cumulative sums of the weights within one ETF are calculated. For

every underlying security, the constituent file provides the information of the ETFs individual weight

(wi,t,j). Let wi,t,j be the weight at time t of a corporate underlying security j in the portfolio of ETF i. The

ETFs are filtered for the identifier for which the weight of corporate is equal or greater than 80 percent.

This implies that for the continuous analysis the remaining ETFs have the condition

∑ , ,
, ≥ 0.8.

The index ni,t indicates the number of underlying securities that are identified as asset class corporate for

the ETF i at the time t.

This first data cleaning process offers the possibility of reducing the number of observations and thus,

simplifying and accelerating the data work. Regarding the mentioned conditions, ten percent of the entire

ETFs are remaining. The number of ETFs decreased thereby, from two thousand to 198 ETFs.
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As an example, for the cleaning process within the constituent files the data changes for the file of the 1st

of May will be described. The constituents on this date are reduced by 80 percent of the initial dataset,

from 500 thousand data points for underlying securities to around 100 thousand data points. The number

of individual ETFs on that date is reduced by around 92 percent from 2014 to 148. In respect to this

relevant 198 ETFs the Profile Data, Daily Fund Flows and the Global Proprietary Analysis datasets,

mentioned earlier, are adjusted. Therefore, the number of daily observations for the remaining ETFs

decreased to 56 thousand observations.

Data cleaning for ETFs with available TRACE data

The identification of the underlying securities with asset class corporate does not indicate whether the

financial instrument is actually a bond or another corporate asset, e.g. a loan. To identify this, the TRACE

data base is considered to maintain just underlying securities which are corporate bonds and for which

trading data is available. The availability of data from the mentioned TRACE data base is used as an

indicator for filtering the dataset retained after the first filtering process. With the 9-digit CUISP identifier

the TRACE data is joint to the merged and filtered dataset with the corporate bond data. The CUISP

identifier of issue is an indicator regardless of the date of the trade. Therefore, all underlying securities

which are traded at some point in the observation period are identified. Since for the further analysis

TRACE data is required to gather trading data of the underlying securities for specific days, the date is

used as a second indicator. Like the previous filtering for corporates, the daily cumulative sum of weights

for each ETF for relevant underlying securities which are traded is calculated. Proceeding from here, an

ETF is considered as a Bond ETF, if there on average are 50 percent or more in available daily trading

data. Hence, just ETFs, which have an average sum of 50 percent, or more are remaining for the

continuous analysis.

1
, ,

,

≥ 0.5

The index mi,t indicates the number of underlying securities that are identified as a frequently traded bond

for the ETF i at time t and let Ti be the number of observation days for one ETF i. This filtering process is

important since, without any certain share of trading information on underlying securities, the upcoming

analysis of the ETF is pointless.

In addition, for further analysis, there will be just the ETFs considered for that are a minimum of 50 daily

observations available ( ≥ 50). Let Ki be the number of days for that each ETF i for that the condition

∑ , , ≥ 0.5 is fulfilled. The 198 individual ETFs that remain from the first data cleaning process

have been reduced to 52 within this approach. The other three datasets, provided by ETF Global, are
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minimized for these 52 ETFs. Therefore, the daily observations have been reduced from 56 thousand to

roughly 17 thousand observations.

Finalizing this cleaning process, the resulting main dataset is containing the information for relevant

securities for Bond ETFs with associated trading information from TRACE. For this dataset, the average

share of corporate bonds is 93.5 percent and the average share of the frequently traded bonds equals 62.9

percent.

Data cleaning for ETFs with Region North America

In addition, a closer examination is done for different regions of the ETFs. With 16 thousand daily

observation, most observations of the ETFs are focused on the region North America, while the other

remaining observations have region Global. There are no observations in the Developed and Emerging

Market, as it was the case for the initial dataset. Related to ETF level, there are 48 ETFs that are assigned

to the region North America and just four of the 52 ETFs are classified with the region Global.

In the following, it is analyzed whether the two remaining regions can be analyzed together as such or if

they must be analyzed separately. When comparing these two regions, for the average share of corporate

it is noticeable, that the share of the Global region of 95.46 percent is higher compared to the 93.44 percent

for North America. To check if this difference in the share of corporate within the ETFs is significantly

different, a t-test is conducted. Due to a p-value close to zero, the null hypothesis, that the difference in

means is equal to zero can be rejected (Table B.11)1. It can be stated, that the average value for the two

regions differs significantly from each other. Thereafter, the same comparison is conducted, based on the

share of frequently traded bonds within the ETF. The average of the dataset for the Global observations

is 65.24 percent, while the average for North America is with the share of 62.82 percent; again lower. The

results of the t-test confirm that the average number of the region Global, is significantly greater (Table

B.13)2. With regard to these significant differences, only one region will be considered for further analysis.

The summary of the analyzed values is presented in Table 2 below.

Table 2 -  Descriptive statistics: Region

Exposure N Corporate Frequently-traded Bid - Ask

North America 48 93.44 % 62.82 % 0.0262

Global 4 95.46 % 65.24 % 0.0132

1 F-test to compare two variances: Inequality in Variance (Table B.10) – Welch Two Sample t-test to compare the
difference in means
2 F-test to compare two variances: Inequality in Variance (Table B.12) – Welch Two Sample t-test to compare the
difference in means
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All daily observations, which are assigned to the region Global are dropped for the following analysis, as

there are in principle much fewer observations compared to the region North America. The four ETFs

which are assigned to the region Global are too few to analyze. In addition, it is useful to reduce the

number of ETFs to simplify the handling of the data. Around 1.5 thousand observations are dropped and

around 16 thousand daily observations remain with the assigned region North America. Regarding the

ETF level that means that 48 remain.

Data cleaning for ETFs with Focus Investment Grade

Focus is another variable that will be analyzed more in detail and is used to drop even more observations.

The focus displays a specific description of the exposure and describes the risks to which an investor is

exposed. The exposures of the initial datasets are Investment Grade, High Yield, Broad Markets, Broad

Debt, Treasury, and Convertibles. The most upcoming exposure description is about Investment Grade.

The Investment Grade focus is given for around 14.5 thousand observations. This is followed by 1.5

thousand High Yield focused observations and no more observations for Broad Markets, Broad Debt,

Treasury and Convertibles, since they have been already filtered out.

For the remaining exposures, Goldman Sachs Asset Management (2018) conducted a study that shows

how wide the spreads of the basket of the underlying index are compared to the spreads of the ETFs

themselves.

Figure 8 - Fixed Income ETF Spreads

Source: Goldman Sachs Asset Management (2018)

As can be seen in Figure 8, it is already indicated that there is a difference in the liquidity of the two

remaining exposure groups. The difference in average values of the bid-ask spreads indicated by the study

identifies the underlying securities of the basket of an Investment Grade ETF as more liquid, when

compared to the High Yield ETFs. Therefore, it is likely that the components of the ETF basket will also

show differences. At this point, it is analyzed how these two focus groups differ regarding the two shares
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that were calculated previously. In the outputs it can be seen, that there are two different average values

for the share of corporates for the two focus groups. The ETFs with High Yield exposure show an average

of 92.29 percent, while the ETFs, which are focused on Investment Grade, show 93.45 percent. The p-

value, testing whether the difference in means of these groups is significantly different from zero, is small

(Table B.15)3. Therefore, one can suppose that the means are different and that the mean of the Investment

Grade is greater than the mean of High Yield exposure. Regarding the previous results of the t-test, one

would assume, that the average weight of frequently traded bonds is for High Yield focus group lower,

compared to the Investment Grade, recalling that the share of corporate bonds is lower, too. Factual, the

t-test confirms, that the average of the weight of frequently traded bonds is significantly lower in the High

Yield focus than the Investment Grade (Table B.17)4. A summary of the results is displayed in Table 3.

Table 3 - Descriptive Statistics: Focus

Exposure N Corporate Frequently-traded Bid - Ask

Investment Grade 44 93.45 % 63.38 % 0.0139

High Yield 4 92.29 % 57.42 % 0.0046

Since both of the shares of the two focus groups are significantly different, the two groups have to be

treated separately. The focus group with a higher number of observations is used for the main analysis.

All other observations with the focus of High Yield are excluded from the continuous analysis. From 16

thousand observations, 1363 are excluded. The remaining 14.6 thousand observations result from 44

individual ETFs.

At this point, the cleaning process is finalized. Figure 9 provides an overview of the entire data cleaning

process. The figure is separated into three different parts. On the left-hand side, the filters that have been

applied are mentioned. In the center of the figure, one can see the decreasing number of ETFs and on the

right-hand side data about the number of observations are given. The various filter processes are

summarized below. First, the data is filtered by corporate assets, then a filter for the share of frequently

traded bonds was applied to obtain the required Bond ETFs. The last two filters are applied for region

North America and the focus on the Investment Grade. The finalized dataset contains 44 ETFs with a total

of 14697 daily observations.

3 F-test to compare two variances: Inequality in Variance (Table B.14) – Welch Two Sample t-test to compare the
difference in means

4 F-test to compare two variances: Inequality in Variance (Table B.16) – Welch Two Sample t-test to compare the
difference in means
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Figure 9 - Data Filtering Process

4.2.3 Descriptive statistics of relevant variables

After the previous cleaning process are 44 ETFs left which have a basket of underlying securities with the

relevant conditions of being a Bond ETF. For these ETFs, the following descriptive statistics are provided

in order to better understand the data and to identify outliers in the dataset.

About the observation period

A first interesting analysis is how many days of the underlying period of around 380 days are actually

observed. For 32 out of 44 ETFs, daily observations are available for the entire period. For the remaining

twelve ETFs, the observation days presented differ. The minimum of observed days for ETFs is 61. The

average of observation days for the 44 ETFs is 345 days, which is still a significant period. Figure 10

shows how the number of considered ETFs is changing over time. In the beginning, there is just data for

36 of the relevant ETFs available, while at the end of the observation period data for all 44 ETFs is

provided. The missing data for eight ETFs in the beginning of the period could be due to the fact that a

part of the ETFs have only been introduced after the 1st of May.
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Figure 10 - Average Number of ETFs per month

About the corporate asset weights

When looking at the development of the share of corporate assets weights over time, it is noticeable, that

the share of corporate assets in the ETF is declining steadily (Figure 11). At the beginning of the

observation period, the share of corporate assets was 96 percent, while at the end of the observation period

just 88 percent can be identified on average as a corporate asset. Consequently, the next analysis is whether

this descending trend is affecting the weight of frequently traded bonds.

Figure 11 - Development of the share of corporate assets over time

About the weight of frequently traded bonds

The previous section is the departure point for a deeper look at how the share of frequently traded bonds

develops over the observation period. As Figure 12 displays, the descending share of corporates within

ETFs is not affecting the weight of frequently traded bonds. The movements in the graph show, that the

line which presents the share of frequently traded bonds has fluctuations, but on average the share is stable

at around 64 percent. The fluctuations indicate that there are some outliers in the observations regarding

the share of frequently traded bonds. These observations are an indicator for odd movements in the data.
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One reason for that might be that a few ETFs have negative positions in futures. Therefore, the cumulative

weight within the ETF is erroneously very negative. These negative positions are ignored and therefore,

the weight in frequently traded bonds stabilized around 0.64. Expressed in monthly averages the weight

of frequently traded bond is constantly above 50.0 percent.

Figure 12 - Development of the share of frequently traded bonds over time

Another interesting number is how many days of the observations period for an individual ETF truly meet

the conditions of being a Bond ETFs. Recall that a Bond ETF is identified, when the weight of frequently

traded bonds within an ETF should exceed in average 50 percent. For 13.7 thousand daily observations,

the characteristic of being a Bond ETF is given and which represents more than 90 percent of all daily

observations. For the majority of ETFs, the Bond ETF condition ∑ , , ≥ 0.5 is almost every day

fulfilled, while for others just on some days of the period. These observations already state that the share

of bonds in the ETF is changing over time. The lowest share of is 52.38 percent, while the highest number

is 99.21 percent. Therefore, none of the relevant ETFs have been classified as Bond ETFs for the entire

observation period, but for 31 ETFs the characteristic of being a Bond ETFs is fulfilled above 90 percent

of the observation time. The findings are summarized in Table 4.

Table 4 - Share of days on which the Bond ETF condition is fulfilled

Frequency Share < 0.6 0.6 - 0.7 0.7 – 0.8 0.8 - 0.9 0.9 – 1.0

Number of ETFs 1 2 2 2 31

While this section described the real weight of the underlying securities, the next section discusses if the

number of frequently traded bonds can be used to analyze the basket of the ETFs, for reasons of simplicity.
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About the number of underlying securities and the actual weight

Each ETF has an individual amount of underlying securities, which probably differs within each ETF over

time. In Figure 13, it can be seen that the majority of ETFs have a median number of underlying securities

between 200 and 400. For nine ETFs the number of underlying securities is exceeding 600. The maximum

median of the number of underlying securities for a given ETF is 3691 and the minimum number of

underlying securities included in an ETF is 64. The mean of the underlying securities for the overall

dataset is 581, while the median is lower, which indicates that the share of the number of underlying

securities below the average exceeding the number of underlying securities above the average. This is

supported by numbers for the 1st and 3rd quartiles of the data and by the boxplot shown in Appendix B

(Table B.18, Figure B.27).

The cumulative sum of weights of these underlying securities J for each ETF i at any time t ideally up to

one: ∑ , , = 1, .

As already pointed out, for every relevant ETF a cumulative weight of frequently traded bond was

calculated. These calculations were based on the number of frequently traded bonds mi,t. The relation of

the number of these frequently traded bonds to the overall amount underlying securities J differs from the

actual weight of the underlying securities. Figure 14 shows that the actual weight of underlying securities

on most days remains constantly above the ratio of the actual number of underlying securities ,

,
.

Therefore, the analysis section is based on the actual weight the underlying securities take on in the ETF.
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Figure 14 - Actual share of frequently traded bonds compared to the actual frequency ratio of ETFs

About the bid-ask spread

This subsection outlines descriptive statistics of the bid-ask spreads. As already stated, the bid-ask spread

is a measurement to identify liquidity. The lower the bid-ask spread, the more liquid the asset. ETF Global

provides a variable called bid-ask spread. Section 5.1 will start using this variable as an indicator for

liquidity of the ETFs. Therefore, this section will outline descriptive information. Figure 15 shows, the

development of the bid-ask spread over time. The dark blue line presents the average value of the spread

on a related day and the light blue line shows the median of the bid-ask spread. In the line of the average

bid-ask spread, one can see high fluctuations. The minimum average bid-ask spread is close to zero, while

the maximum average is around 8.0 percent. The maximum value is shown on several days in November

2017 and the gap to the lower bid-ask spreads is significant. The comparison of these observations to the

median observations indicates that outlier values influence the average bid-ask spread. For the observed

time horizon is the line for the median of the bid-ask spread, presented by the light blue line, constantly

lower compared to the average. Subsuming, the overall mean of 0.0141 is compared to the median of

0.0018 significant higher.

0.2

0.4

0.6

0.8

Actual Weight Actual Ratio



30

Figure 15 - Development of the bid-ask spread over time

After an unsuccessful search for an economic explanation, for these extremely high bid-ask spreads, the

author made the decision to exclude all ETFs, which show such observations. The six ETFs that are

dropped, reduce the number of ETFs from 44 to 38 with 12.9 thousand observations. The following Figure

16 shows the mean and median for the modified dataset.

Figure 16 - Development of the bid-ask spread after excluding affected ETFs

As mentioned in the introduction of the thesis, one part of the analysis is to test whether liquidity, which

is for instance indicated by the previously analyzed bid-ask spread, can predict the price of an ETF. The

next subsection summarizes information for the prices of ETFs which are identified by the NAV.

About the Net Asset Value

The share price or the so-called NAV of an ETF is largely determined by the underlying value of the

portfolio and used to calculate ETF performance. For the relevant ETFs, the NAV is between 18.45 and
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121.65 and changes daily. However, the daily price changes of the ETFs are not intensive. The histogram

below (Figure 17) shows that most ETFs have an average NAV in the price range from 20 to 40. Just a

few ETFs are exceeding with the average NAV the value of 60. The overall average of the ETF is 35.35.

Figure 17 - Number of ETFs per median NAV

5. Analysis
This section describes the analysis performed in detail and provides the main results found. The first part

is based on the prediction of the liquidity and therefore, the prediction of the bid-ask spread of the ETFs.

First, the explanatory variable constitutes of the weight of non-corporate assets to see if the liquidity of

an ETF increases, when there is a higher share of non-corporate assets. Thereafter, the share of non-

frequently traded bonds is used as an explanatory variable to explain the bid-ask spread.

In the second part, two different proxies are used to compare the actual ETF proxy, which is provided by

ETF Global, with a self-calculated proxy based on the underlying securities. This is extended by how the

calculated liquidity proxies can be used to predict the actual liquidity proxies. Thereafter, the correlation

of the two self-calculated proxies is examined and compared to the liquidity measure given by ETF

Global.

 Ultimately, the calculated liquidity proxies are used, to analyze whether the proxies can predict the prices

of the ETFs. This analysis part starts with using a single linear regression model, which is then extended

to a multiple regression model.

All calculated proxies and data analysis parts are based on winsorized data. This application is carried out

in the same way Dick-Nielsen et al. (2012) applied it for the calculation of liquidity proxies. Winsorizing

data means to set outliers to the value of a specified percentile. In this thesis, all data streams that are used

in the specific analysis are winsorized for 0.5 percent and 99.5 percent. That means that all values above

99.5 percentile are set to the 99.5 percentile and all observations below the 0.5 percentile are set to the 0.5
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percentile. This method has the advantage to not lose several observations and mitigate the

disproportionate effect of extremes in the data.

5.1 ETF Liquidity and the basket of the underlying securities

5.1.1 ETF Liquidity and the share of non-corporate assets

For the following analysis the bid-ask spread of each ETF - provided in the ETF Global dataset - is used

as a proxy for the liquidity of the portfolio of bonds underlying the ETF. As outlined in section 2.4, a

higher bid-ask identifies an asset to be more liquid (Ben-David et al., 2018). To get on overall overview:

The average bid-ask spread for the entire cleaned dataset is 3.9 percent.

First, it is analyzed if the identification of non-corporate assets can be used to explain the liquidity of the

relevant 38 ETFs. It is assumed, that the liquidity is increasing in the share of non-corporate assets in the

ETFs. This implies that corporates are in theory identified as being more illiquid (Bao, Pan, & Wang,

2011).

Therefore, in this section the explanatory variable is determined to be the share of non-corporate assets

xi,t in ETF i at any time t. The asset class indicator is the point of departure, as described in section 4.2.2.

Recalling, that the calculated share of corporates ci,t is the variable that shows the share of corporate in

the asset class variable within one ETF i at  any time t. Let ni,t be the number of corporate assets. The

formula for the non-corporate share is set up as the following.

,  = 1 – ,     , ℎ , = , ,

,

For better understanding, the formula is visualized in Figure 18. The pie cart represents one single ETF i

at time t for which the cumulative sum of all weights of the underlying securities sum up to one

(∑ , , = 1), . The share ,  of the basket that is identified as corporate assets is highlighted in dark

blue. The light grey piece of the pie chart is the share , of the underlying securities that are not identified

as corporates.
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The average number of the non-corporate share is around six percent. This new weight variable is used to

predict the bid-ask spread and therefore, the liquidity of the ETF at each time t. The assumption is that the

higher the share of non-corporate assets, the lower the bid ask-spread of the ETF, as it is assumed that

non-corporates, i.a. cash, stocks, and other more liquid assets increase the liquidity of an ETF. This

increased liquidity would mean a lowering the bid-ask spread.

: −  , = ℎ  +  , + 

The result of running the regression for 38 ETFs indicate that there exists a negative relationship with an

estimated coefficient for beta equal to -0.0086. The p-value close to zero identifies the estimated

coefficient to be statistically significant. However, one has to be aware that the R-squared of 0.0025 is

very low, which indicates that for the overall ETFs the non-corporate share of the ETFs cannot explain

the variation in liquidity very well. But since the estimate is negative, it can be interpreted that a higher

share of non-corporates lowers the bid-ask spread and increases the liquidity within the ETF (Table C.19).

Thereafter, fixed effects are added to the regression to get individual constants for each ETFs to strive to

improve the results. Conducting the regression including fixed effects shows a model improvement, which

is indicated by a lower p-value and a higher R-squared. However, the remaining small R-squared signifies

that the model needs to be interpreted with caution. The previous assumption that an increase in the share

of non-corporates raises the liquidity of an ETF is still valid, showing a significant estimated coefficient

for beta of -0.0168. For an actual increase in the share of non-corporate assets, the bid-ask spread is

decreasing. Numerically, if the share of non-corporate increases by its standard deviation of 0.0018, the

bid-ask spread is declining by 0.003 percent. These results remain significant while testing and correcting

for heteroscedasticity and autocorrelation (Table C.20).

Change of frequency from daily to monthly data

It is assumed that the data is quite noisy since the fluctuation of daily data is thought to be high. Therefore,

the daily variables are changed to monthly data by taking the average variable for each month within each

Figure 18 - Share Corporate and Share Non-Corporate
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ETF. The mean for both - the non-corporate share and the average for the bid-ask spread – will be applied

in further analysis.

For the monthly average, the variables show that the weight of non-corporate underlying securities is able

to predict the bid-ask spread of the ETF. Already a regression without fixed effects shows that the

estimator for the coefficient beta of -0.0151 is significantly negative. Again, one has to be aware that the

R-squared of 0.0135 casts a little doubt about the explanatory power of the model.

With the inclusion of fixed-effects, it is possible to optimize the previous regression model. The p-value

of the coefficient for beta is close to zero and beta becomes more negative with an estimated coefficient

of -0.0223. The negative effect of a higher non-corporate bond weight on the bid-ask spread is therefore

increasing. The correction of the model for heteroscedasticity shows that the significance is still given on

a ten percent level (Table C.21).

The same analysis is conducted for taking the median instead of the mean of the two variables. One reason

for that is, to make sure that the monthly numbers are not affecting by any kind of outliers. The results for

the median show very similar results as the results conducted with the mean. The specific results can be

seen in Appendix (Table C.22).

Analysis of ETF sub-datasets

In light of the significant results with changes in the frequency of daily to monthly data, this sub-section

examines whether similar results can be achieved with daily data, but for individual ETFs.

To have information about any significance in the individual ETFs, the regressions run in a loop function

for every ETF separately. This means that for every regression, solely the ETFs with the same Ticker

variable are considered. In total the loop goes through the 38 ETF Ticker and therefore, 38 regression

results are provided.

For ETF SUSC, the most negative estimate coefficient of beta can be found. The ETF has 321 daily

observations. The average of the share of non-corporate assets is around 4.00 percent and the average of

the bid-ask spread for this specific ETF is 1.62 percent. Looking at the regression estimates, a highly

significant, negative estimator of -0.3321 can be highlighted. The estimated coefficients remain on similar

levels after correction for heteroscedasticity. The R-squared of this model is with 38.99 percent relatively

reliable.

Taking the average value of the non-corporate share of four percent as the numeric value into the

regression formula, a bid-ask spread of 1.7 percent is predicted, which is slightly higher than the average

bid-ask spread. If the share of non-corporate bonds is increasing by its standard deviation (0.0274) the
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spread between bid and ask is decreasing by around 0.91 percent to a bid-ask spread of 0.79 percent,

which would indicate an ETF as more liquid (Table C.23).

For 22 out of the 38 analyzed ETFs the beta coefficient is estimated to be negative. Of these 22 ETFs, 13

identify the estimated coefficient for beta to be significant, at least on a five percent level. Conversely,

there are 16 ETFs with a positive estimated coefficient for beta, but only four of these ETFs display

significant coefficients.

These results show that there are ETFs where the weight of non-corporate assets have an increasing effect

on the bid-ask spread, while there exist also ETFs for which it is the other way around. The overall result

is that the regression to the total ETFs and the regression to the individual ETFs indicate that a higher

proportion of non-corporates increases liquidity through a narrowing of the bid-ask spread. Due to the

inconsistency of the results within the ETFs, the explanatory variable is changed in the following section.

5.1.2 ETF liquidity and the share of non-frequently traded corporate bonds

The second variable used in this analysis is the share of non-frequently traded corporate bonds. The share

of non-frequently traded corporate bonds is the share of corporates ,  reduced by the share of frequently-

traded corporate bonds , . The calculation for both shares is described in section 4.2. Let ,  be  the

number of corporate assets and ,  be the number of frequently traded corporate bonds at time t within

ETF i.

,  = , − ,    , ℎ , = , ,

,

, = , ,

,

As before, Figure 19 illustrates above-stated formula. The share of corporates is divided into two shares

that are determined by the frequency of trading. The share of frequently traded corporate bonds ( , ) is

presented by the light blue piece and the share of non-frequently traded bonds ( , ) by the darker blue

piece of the pie chart.
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Figure 19 - Share of frequently traded bonds and Share of non-frequently traded bonds

The average value of the variable ( , ) is 0.3009, i.e. a little below one-third of the underlying securities

are not frequently traded bonds. As a first step, the relationship between the share of non-frequently traded

bonds zi,t and the bid-ask spread of ETFs is analyzed. The correlation coefficient for the bond weight and

the bid-ask spread is 0.124, which indicates a slightly positive relationship. In order to gain further insights

into the relationship between the data, an OLS regression is performed. The share of non-frequently traded

bonds zi,t is used as the explanatory variable and the dependent variable remains the bid-ask spread. The

assumption is that the higher zi,t in an ETF, the more illiquid the ETF. This assessment is connected to the

assumption, that in general bonds are not traded with the same frequency as other underlying securities

like cash and other bonds (Bao, Pan, & Wang, 2011). A basket of securities that contains more non-

frequently traded bonds tends to have a higher number of illiquid underlying securities. This implies an

increased bid-ask spread. In the following, the first model for liquidity is displayed, where t is the index

for time and i is an indicator for the different ETF.

: −  , = ℎ +  ,  +

The estimated coefficient for beta of the regression model is 0.0118 and significant on a five percent level.

For the average of the share of frequently traded bonds of the overall observations as an explanatory factor

a bid-ask spread of 0.004 results, which is equal to the actual average bid-ask spread. If the share of non-

frequently traded bonds is decreasing by its standard deviation (0.00303), the bid-ask spread is decreasing

to a value of 0.003. In relation to this result, the lower the weight of bonds with no trading information,

the lower the bid-ask spread. And as stated, the lower the bid-ask spread, the more liquid is the ETF.

Therefore, the results of this analysis are supportive for the outlined assumption. The ETFs with a decline

in the share of non-frequently traded bonds show a decrease in the bid-ask spread. This means, that the

non-frequently traded bonds are an indicator of illiquidity.



37

This result is reasonable if the entire ETF contains bonds, stocks and cash. The higher the weight of more

liquid corporate bonds and other liquid assets like equity, cash and other liquid bonds, the lower the weight

of the bonds that are not frequently traded. Therefore, the bid-ask spread is higher and the liquidity is

decreasing with an increase of the weight of non-frequently traded bonds. The R-squared is with a value

of 0.01538 is very low, indicating that the model predicting the bid-ask spread by the weight of non-

frequently traded bonds is not an optimal fit. One reason for this is that the regression is conducted for a

large amount of data and multiple ETFs at once (Table C.22).

To identify ETFs as non-random variables, fixed effects are integrated into the regression model. The

fixed effects show that the significance of the estimator for the beta coefficient is still given, while the

estimated beta itself decreased to 0.0064. Within the ETFs, the effect of a change in the share of non-

frequently traded bonds is therefore reduced. The standard errors need to be corrected for

heteroscedasticity and autocorrelation because the standard deviations are not constant overall

observations. When correcting the errors, it indicates that the significance of the estimator for the

estimated coefficient remains significant, even though the p-value increased to 0.0409, mainly due to an

increase in the standard error (Table C.25). In the next section, the high frequency, daily data is changed

to monthly data. This change in frequency is to smooth fluctuations within a month.

Change frequency from daily to monthly data

The values of the variables used are changed from daily to monthly observations by taking the monthly

average for each ETF. The following analysis is based on 618 monthly observations. The correlation of

the monthly values increased to be stronger positive with a correlation coefficient of 0.3249. The beta

coefficient estimate increased to 0.03102 in the simple linear regression. This indicates a stronger effect

of a change in the bond weight on the bid-ask spread compared to the daily dataset. With the adding of

fixed effects the significance of the coefficients remains steady. However, the correction for HAC

standard errors eliminates the significance of the estimated coefficients. The p-value of 0.1898 is too high

to reject the null hypothesis that beta will unequal zero. In the next subsection, specific ETFs are analyzed

to see if there are definite indicators for individual ETFs (Table C.26).

Comparison of two extreme shares of non-frequently traded ETFs

In the following, two different ETFs will be compared. The ETFs are selected because both display an

extreme share of non-frequently traded bonds. The lowest share of non-frequently traded bonds is found

for the ETF IIGD. The ETF IIGD has in average 63 underlying securities and is thus, an ETF with less

underlying securities. Additionally, the observation period that started in August 2018 is one of the

shortest observed in the dataset. The average share of non-frequently traded bonds for the 61 daily

observations is 0.226. The maximum share is around 0.3739, while the minimum share is exceeding 10.0
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percent only marginally. The first and third quartiles of the non-frequently traded bond weights and the

graph (Table C.28, Figure C.28) show that there are changes in the share over time, but no extreme

outliers. In general, these findings show, that the availability of TRACE data is changing over time for

the entire period. The comparable low average bid-ask spread for IIGD is 0.002.

The selected ETF with the highest share of non-frequently traded bonds is the ETF SUSC. SUSC is an

ETF with 366 underlying securities. There are 319 daily observations for this ETF, covering the

observation period from the end of July 2017 until the end of October 2018. The average share of non-

frequently traded bond weight for this period is around 45.0 percent. The distribution of the share of non-

frequently bonds of ETF SUSC is broader compared to the ETF IIGD. This can be analyzed by looking

at graph and summary statistics (Table C.29, Figure C.29), such as comparing the standard deviation of

0.096 for SUSC and 0.0481 for the IIGD. Additionally, the spread of the shares of non-frequently traded

bonds can be seen in the boxplots (Figure C.30). For SUSC there are some observations outside the first

and third quartiles, especially for the lower bound of the non-frequently traded bonds. The average bid-

ask spread for the SUSC is 0.0163, which is, compared to IIGD, much higher.

In Figure 20, the movements in the share of non-frequently traded bonds over time is illustrated. The light

blue  line  is  related  to  the  ETF  IIGD  and  the  dark  blue  line  is  related  to  ETF  SFIG.  In  both  ETFs,

fluctuations in the share of non-frequently traded bonds can be seen. To support this assumption with

statistical analysis, a Welch Two Sample t-test is conducted. The t-test is testing for the difference of the

share of non-frequently traded bonds of the two ETFs to be equal to zero. In the test, the null hypothesis

states that the share of non-frequently traded bonds of IIDG reduced by the share of SUSC is equal to

zero, which means that both values are the same. The alternative hypothesis is, that the difference in these

two values is greater than zero. This means that the ETF IIDG has a greater share than the ETF SUSC.

Due to a small p-value, the null hypothesis can be rejected, which leads to the conclusion that the ETF

IIGD has a significantly greater share of non-frequently traded bonds compared with the ETF SUSC

(Table C.30).

Figure 20 - Share of frequently traded bonds for SUSC and IIGD
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Conducting the same t-test for comparing the bid-ask spread of these two shows that the bid-ask spread

of IIDG is likewise significant greater compared to the bid-ask spread of SUSC (Table C.31). The

development of the bid-ask spread over time is displayed for the compared ETFs in Figure 21.

Figure 21- Bid - Ask Spread for SUSC and IIGD

By comparing these two ETFs, it can be concluded that the higher the share of non-frequently traded

bonds within one ETF, the higher is the bid-ask spread and therefore, the more illiquid is the ETF. These

results support the regression, which was conducted in the previous section.

Critical observations – SUSC

While looking at the initial underlying securities of the ETF SUSC, it is observable that there are high

negative weights for few underlying securities. These negative weights do not belong to the corporate

asset class, and as already mentioned, it seems that some funds have negative positions in futures. When

excluding the negative weights, the remaining constituents sum up to one. Following up on this case, it

needs to be checked if these negative positions in futures are affecting the bid-ask spreads. For this reason

another ETF will be analyzed to examine whether it shows a low bid-ask spread and therefore high

liquidity given a low share of non-frequently traded bonds

ETF SUSB is selected for a deeper analysis. For the ETF are 320 daily observations available and it has

in average 205 underlying securities. Having a look in the constituents files for ETF SUSB shows that

there are no negative weights and therefore, the ETF shows a common structure, without negative

positions in future. It is obvious that SUSB is one of the bonds with a higher share of non-frequently

traded bonds as it constitutes of 41.77 percent of non-frequently traded bonds (Table C.32). The ETF’s

average bid-ask spread is 0.01229, which is, regarding the t-test results, significantly lower when

compared to the ETF IIGD with a low share of non-frequently traded bonds (Table C.34). Hereby, the

result confirms the previous findings. The ETF with a higher share of non-frequently traded bonds has a

higher bid-ask spread and is more illiquid.
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Critical observations - IIDG

While the time horizon and the number of observations for the ETF IIDG is very small, mainly due to the

fact that it covers just two month, it will be looked closer into the ETF SKOR with its basket of 327

underlying securities and the share of non-frequently traded bonds. The ETF SKOR is an ETF with 378

daily observations, which is more representative compared to the observation period of IIDG. SKOR,

similarly to IIDG, is an ETF with a compared lower share of non-frequently traded bonds. The average

for the share is 0.2345. Over the observation period there exist a few days, on which the share is roughly

50.0 percent, but mainly it moves between 20.0 and 30.0 percent. The bid-ask spread of the ETF is

comparably small, with an average value of 0.0042. There is just a minor number of observations for

which the bid-ask spread is significantly higher. Most days the bid-ask spreads are moving in the area

between 0 and 0.01 (Figure C.31). When testing the difference in means between the shares of non-

frequently bonds of SKOR and the two previous analyzed ETFs with a compared higher share of non-

frequently bonds (SUSC & SUSB), the t-test indicates that the share for SKOR is significantly lower. The

same result can be achieved in conducting the t-test for the difference in means for the bid-ask spread

(Table C.36 – C.39). Table 5 provides an overview of the most important values.

Table 5 - Descriptive Statistics of analyzed ETFs

ETF N
Number of underlying

securities

Share of non-frequently

traded bonds
 Bid-Ask Spread

IIDG 61 63 0.226 0.002

SUSC 319 366 0.4501 0.0163

SUSB 320 205 0.4177 0.01229

SKOR 379 327 0.2345 0.0042

In addition, Figure 22 below shows the relationship of the average values within each ETF of the bid-ask

spread and the share of non-frequently traded bonds. The y-axis displays the bid-ask spread and the x-

axis shows the share of non-frequently traded bonds. Every dot is representing one ETF, respectively. The

correlation coefficient of the average values of the bid-ask spread and the share of frequently traded bonds

is 0.3084, which is also shown by the slope of the trend line integrated in the graph. This reinforces the

assumption that a higher weight of non-frequently traded bonds increases the bid-ask spread, leading to

higher illiquidity.
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Figure 22 - Bid-Ask Spread and Share of non-frequently traded bonds

To sum up, a moderately positive trend can be analyzed, when evaluating the results of using a non-

frequently traded bonds as a factor for explaining liquidity. However, it is not yet clear why the liquidity

measured by the bid-ask spread shows large differences between individual ETFs. To get more insights

and information about the underlying securities in the baskets of the ETFs, the TRACE dataset, which

contains trading information for the share of frequently traded bonds, is considered.

5.2 Liquidity Proxies – Bid-Ask Spread and Amihud Measure

5.2.1 Bid-Ask Spread

In this section, the bid-ask spread calculated based on the underlying securities is used as a liquidity proxy.

First, an explanation of the calculation of the bid-ask spread based on underlying securities is given.

Thereafter, the calculated bid-ask spread is compared to the actual bid-ask spread and it is tested, whether

there exists a significant difference in means. Following, the calculated bid-ask spread is used to predict

the actual bid-ask spread on the basis of an OLS regression.

Calculation of the liquidity proxy based on the underlying securities

In the provided dataset the variable bid-ask spread on ETF level is given for a daily basis. To compare

these given spreads to the spreads of the underlying securities, bid-ask spreads based on trading data for

the underlying securities need to be computed, similar to the approach of Ben-David et al. (2018). The

calculation of these spreads depends on the mentioned TRACE data. For each day the TRACE dataset is

scanned for CUISP IDs for underlying bonds to get the necessary trading information. In the TRACE

dataset the yield of each trading of CUISP IDs is given. Another indicator that TRACE provides is the

variable that identifies, whether the trade is a sale (S) or a buy (B). For each bond meaning for every
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individual CUSIP ID, the daily average yield is calculated for purchase and sale separately. Let Nt,j be the

number of given trades per CUISP ID j for day t.

, , =
1

,
, , ,     , = ,

,

The bid-ask spread is calculated by taking the difference of the resulting average. Therefore, the average

sell yield is subtracted from the average buy yield.

− , = , , − , ,

This calculation is conducted for every underlying bond for which trading information is available. As a

next step, the bid-ask spreads are weighted for all underlying securities regarding the variable weight wi,t,j

of the constituent file. Since no trading information is available for the underlying securities that are not

frequently traded ( , − , ), the weights need to be rescaled. Recalling that underlying securities with

missing trading information may be identified as i.a. other assets than corporate bonds or bonds for

without available trading information. The rescaling of the weights is conducted proportional so that the

sum of the weights for which trading information is available sum up to one. With the rescaled weight

, , the weighted bid-ask spread of one Bond ETF is calculated. In the following the index mi,t displays

the number of frequently traded underlying securities for one ETF i at time t.

, = , − ,

,

     , ℎ , = , ,

∑ , ,
,

This calculated bid-ask spread is added as a new variable to the existing dataset that contains the actual

bid–ask spread on ETF level. In the further analysis, for the ETF i at time t the calculated bid-ask spread

based on the underlying securities is indicated as , ,while the true bid-ask spread on the ETF level is

identified as di,t.

Is the ETF more liquid compared to its underlying securities?

While comparing the summary statistics of the calculated ETF, it is observable that there is a huge

difference in the mean between both variables. The average of the true bid-ask spread di,t (0.0038) is much

smaller than the average of the calculated bid-ask spread ,  (0.08074). The same is found when

comparing for the median. This clarifies that the mean is with respect to those values not affected by

outliers. Already the average of the bid-ask spreads indicates that the liquidity of a Bond ETF itself is

much higher compared to the liquidity of the underlying securities. The summary statistics and boxplots

in Appendix (Table C.40 & C.41, Figure C.32 & C.33) provide detailed information about the distribution
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of both bid-ask spreads. From plotting the bid-ask spreads for the observed time horizon and from having

a look on the quartiles in the summary statistics, it can be seen that for the entire time period roughly 50.0

percent of the observations have a calculated bid-ask spread ,  between 5.0 and 8.5 percent. Compared

to this, the bid-ask spread on ETF level di,t has a lower interval with a first quartile of 0.06 percent and a

third quartile of 0.33 percent.

Further, a paired t-test is applied to whether the observed difference in the bid-ask spreads is significant.

The null hypothesis assumes that the true mean difference (μd) is equal to zero (H0: μd = 0). Additionally,

the alternative hypothesis assumes, that the difference of the calculated bid-ask spread ,  and the true

bid-ask spread di,t is greater than zero.

The results of conducting a t-test display a mean of differences of 0.0772. Regarding the small p-value,

the difference between the two bid-ask spreads is found to be significant. The p-value leads to a rejection

of the H0. Based on these results, it is confirmed that the bid-ask spread of the underlying securities of the

ETF ,  is greater and therefore, identifies higher illiquidity compared to the bid-ask spread of the ETF

itself di,t (Table C.42).

In the following, a sub-dataset of an individual ETFs is analyzed to get a better insight into the distribution

of data.

Analysis of a sub-dataset – ETF IBDM

In the following, the previously applied analysis is carried out for the data of one ETF. With analyzing a

sub-dataset of one ETF, it is possible to reduce the number of data points and thereby, get a better overview

and visualization of the data. The ETF called IBDM is randomly picked. For IBDM 380 observation days

are available. The average number of underlying securities is 506 of which the average share of frequently

traded underlying securities is 62.98 percent. Since this share is close to the analyzed mean for the entire

ETFs of 62.31 percent, IBDM is a representative ETF.

The distribution of the bid-ask spreads for the ETF IBDM over time is displayed in the graph below

(Figure 23). The x-axis of the graph shows the time horizon and the y-axis displays the bid-ask spread.

The dark blue line shows the curve of the actual bid-ask spread of the ETF, while the light blue line

represents the calculated bid-ask spread of the underlying securities. At any time, the bid-ask spread that

is calculated based on the underlying securities is exceeding the actual bid-ask spread. The actual bid-ask

spread is on most days close to zero, while the calculated bid-ask spread is distributed around six percent.

The average of the actual bid-ask spreads for IBDM is 0.2 percent and therefore, much smaller than the

average 6.81 percent of the calculated bid-ask spreads. The result of paired t-test confirms that the
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difference of the means (0.0656) is greater than zero. This indicates that the mean of the calculated bid-

ask spread is significantly greater than the mean of the actual bid-ask spread (Table C.43).

Figure 23 - Comparison of the Bid-Ask Spreads, ETF IBDM

The findings for the ETF IBDM are no exemption. The analysis for the other ETFs that are analyzed show

similar results. Therefore, the assumption, that an ETF is more liquid in comparison to its underlying

securities, is reinforced.

Can the calculated bid-ask spread predict the actual bid-ask spread?

Besides, the fact that the calculated bid-ask spread based on the underlying securities is significant higher

than the actual bid-ask spread, the following analysis should indicate, whether the calculated bid-ask

spread of the underlying securities can be used to predict the actual bid-ask spread of the ETF. As a first

analytic step, the correlation of these two variables is determined. The correlation coefficient of -0.0722

indicates only modest relationships. Nevertheless, a regression model is established, in order to verify that

a significant prediction of the bid-ask spread is not possible.

, = ℎ + , +

For the entire dataset, the result of the regression is already significant. The p-values being close to zero

qualify the estimator of -0.0079 to be significant.  If the average value of the calculated bid-ask spread is

used, the estimated constant of 0.00432 would decrease by 0.06 percent to a predicted bid-ask spread of

0.37 percent, which is identical with the average of the actual bid-ask spread. Despite that, one must be

aware that the R-squared is very small, as already indicated by the correlation coefficient, and that the

model, therefore, does not explain the variation in the actual bid-ask spreads very well (Table C.44).
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Since running the regression on the entire dataset is not very expressive, it is necessary to dive deeper and

look whether significance can be found within the different ETFs. Therefore, fixed effects are used, to get

individual constants for each ETF. The integration of fixed effects shows an estimated beta value of

0.0039, which indicates that now a higher calculated bid-ask spread leads to a higher actual bid-ask spread.

This result already heads more in the assumed direction, but the result needs to be interpreted with caution

due to a remaining low R-squared. When correcting the standard errors for heteroscedasticity and

autocorrelation, the p-value remains small and thus, the beta estimate remains significant (Table C.45)

Change frequency from daily to monthly

The data used for the previous analysis is based on daily observations. The above results are, therefore,

based on high-frequency data, which can be very noisy. Daily data show several fluctuations and to reduce

these a continuous analysis is based on monthly data. The monthly data is gathered by grouping the

observations for the year, month, and Ticker. Within these groups, the average value of the daily bid-ask

spreads and an average of the calculated bid-ask spread is calculated.

The correlation of the calculated bid-ask spreads and the actual bid-ask spreads tend to decrease to a value

of -0.1034, which indicates that there is a weak negative relationship of these values. This result is contrary

to our assumptions. Next, the regression is conducted to check whether the monthly based calculated bid-

ask spread is an effective explanatory variable for predicting the monthly actual bid-ask spread.

Comparing the regression of the entire daily data with the regression of the monthly based data, there is

no significant difference observable. The estimated regression coefficient for beta (-0.0101) is still

negative and significant on a five percent level.

With the integration of fixed effects, the results cannot be identified to be significant anymore. The R-

squared of the regression based on the monthly data has slightly increased compared to the regression on

daily data with fixed effects. Correcting the standard errors for heteroscedasticity to get a BLUE estimator,

the estimated coefficient for beta changed to be positive and significant again, which indicates that an

increase in calculated bid-ask spread predicts an increase in the actual bid-ask spread. But again, the

results need to be interpreted with caution, since the R-squared is very low (0.0017). The lower the

frequency of the data, using the monthly average of daily data instead of the daily data itself, is not possible

to improve the model and hence, the results are not optimized (Table C.46).

To go even one step further, the analysis needs to be adjusted to obtain more expressive results. The

following adjusts the bid-ask spread analysis for individual ETFs to produce a more appropriate prediction

for the ETFs.
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Analysis of sub-datasets

The regression is applied for the previous analyzed ETF IBDM. The estimated beta coefficient is not

significant. The p-value increased to 0.248 and additionally, looking at the rather low R-square (0.0043)

clarifies that the model is not explaining the dependent variable well (Table C.47).

As before, the regression is applied for all 38 ETFs, which results in 38 individual regression models. Out

of the 38 ETFs, 28 display a significantly positive estimated coefficient beta. But just for six ETFs

significance on a 5.0 percent level can be found, while for further four ETFs there is significance on a

10.0 percent level. For the other ten ETFs, there is a negative estimated beta coefficient. Just for one of

these ten ETFs, the coefficient is identified to be significant.

Unfortunately, none of the analyzed ETFs show a somehow high R-squared, which identifies that for none

of the ETFs an expressive model is created. But when comparing the results of the individual regressions

the positive beta estimator dominated, indicating a more positive relationship. Therefore, for most ETF a

rise in the calculated bid-ask spreads tends to increase the actual bid-ask spread, applies. Therefore, if the

liquidity of an underlying security decreases, the bid-ask spread tends to be more illiquid in the majority

of ETFs.

5.2.2 Illiquidity Proxy – Amihud (2002)

The next proxy that is applied for the measurement of liquidity is the Amihud (2002) measure. At the

beginning of this section, an explanation of the calculation of the Amihud measure is given. Thereafter,

the calculated Amihud measure of the ETF is compared to the weighted Amihud measure based on the

underlying securities. Similar to the previous section it is tested, whether the difference in means is

significantly different from zero. This is followed by analyzing whether the Amihud measure of the ETF

can be explained by the calculated Amihud measure based on the trading data of the underlying securities.

The Amihud measure developed by Amihud in 2002 is a frequently used proxy to measure illiquidity in

the academic literature. Regarding Lou and Tao (2017) the Amihud measurement was used in “over one

hundred papers published in the Journal of Finance, the Journal of Economics and the Review of Financial

Studies” (p. 4482) during the year 2009 to 2013. The Amihud measure uses the daily return-to-volume

ratio to capture price impacts. Therefore, an asset with a high Amihud value is assumed to have low

liquidity. The Amihud measure is based on the theoretical model of Kyle (1985).

Calculation of the illiquidity proxy based on the underlying securities

In this thesis, the Amihud measure is slightly modified and based on the calculations that are used in Dick-

Nielsen et al. (2012). In their paper they, measure the price effects of a trade per traded unit. Similar to
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the approach in the previous section, all trading information of the underlying is gathered from the

TRACE database.

First, for each corporate bond j the return rt,p,j is calculated. Let p be the identifier for each transaction,

such that p-1 is the previous transaction on the same day t.

, , = , , − , ,

, ,

This absolute return is divided by the trade size for Qt,p,j of the consecutive transactions p for bond j at

day t. Obviously, there can be more transactions p for one day. In order to not disclose large orders to the

public soon, the maximum trading volume for Investment Grade bonds in TRACE is capped to five

million.

In the following, this return-to-trade-size ratio is weighted for all trades at one day. Let Nt,p,j be the number

for any transaction p for corporate bond j on day t to get the daily average of absolute returns. Therefore,

at least two transactions need to be conducted on a given day t.

ℎ , =
1

,

, ,

, ,

, ,

This Amihud measure is calculated daily for the underlying securities. For each of the underlying

securities, the Amihud measure is weighted by using the same procedure as for the bid-ask spread. The

variable , , is thus, the weight for each underlying bond j in the ETF i at time t. This weight is rescaled

by dividing it by the total sum of the weights of bonds for which TRACE data is available. Let mi,t be the

number of bonds in ETF i for which this is the case at time t. The adjusted weight , ,  for each underlying

bond j increases proportionally to obtain a cumulative sum of one. For the further analysis, the calculated

Amihud measure based on the underlying securities is defined as , .

, = , ℎ ,

,

     , ℎ , , = , ,

∑ , ,
,

Different from the bid-ask spread, the variable Amihud measure is not provided in the available dataset

and therefore, needs to be calculated with the information provided by ETF Global. First, the price for

ETF i at time t is defined by using the Net Asset Value ( , = , ). These variables are used to

calculate the absolute return in prices ri,t. The daily trade size Qi is not given in the provided dataset. Based

on observation of the average daily trading volume for three months, it can be assumed that the daily
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trading volume for ETFs does not usually change significantly over time. Therefore, the variable Qi can

be left out in calculating the Amihud measure for ETFs.

, = ,  = , − ,

,

Are the underlying securities more illiquid compared to the ETF?

In this section the Amihud measure of the ETF ,  is compared to the calculated Amihud measure based

on the underlying securities , . Extreme outliers can be identified from plotting the calculated Amihud

daily measures, see Figure C.34. Especially, September 1st 2017 and December 28th 2017 show

significantly higher Amihud measures compared to the other observation days. It was not possible to find

an economic reason for these high Amihud measures. It is analyzed, that these outliers are justified by

some missing and unreasonable registered prices in TRACE. For the continuous Analysis, the variable

,  is winsorized for one percent on the upper end to have a clean dataset.

The average daily Amihud measure for ,  is 0.1846. The summary statistics show that 25.0 percent of

the observations have a daily Amihud measure less than 0.1429 (1st quartile) and 75 percent of

observations have a daily Amihud measure below 0.2242 (3rd quartile). The values of the quartiles indicate

that the mean and median are in close proximity. The summary statistics and the boxplot for variable ,

can be found in Table C.48 and Figure C.35.

The average of the adjusted Amihud measure , , which is equal to the absolute return based on the ETF

data is 0.001, while the median takes the value of 0.007. This indicates, that the mean is affected by

observations with a greater Amihud measure value. The distribution based on the boxplots and summary

statistics are provided in Table C.49 and Figure C.36.

Regarding the fact, that the Amihud measure based on the ETF is not divided by the trade size, the two

measurements are assumed to be different. Nevertheless, a paired t-test is conducted to compare both

measurements and tests, whether the difference in the measurements is equal to zero. For the following,

it is again assumed that the ETF is more liquid. Therefore, the Amihud measure based on the ETF level

( , )  is expected to be smaller compared to the Amihud measure based on the underlying securities ( , ).

The p-value of the t-test is close to zero, which indicates that the null hypothesis can be rejected, indicating

that the difference in means is not equal to zero. Thereafter, it is tested, whether the Amihud measure

based on the underlying securities is greater compared to the adjusted Amihud based on ETF data. This

also leads to the decision to reject the null hypothesis, such that the alternative hypothesis is accepted.



49

Running the analysis regarding the entire data results in a very small p-value, which means that the

Amihud measure calculated based on the underlying securities ( , ) is greater compared to the Amihud

measure on ETF level ( , ). Therefore, the underlying securities seem to be more illiquid compared to

the ETFs themselves (Table C.50).

Analysis of sub-dataset – ETF IBDM

In the following, the previously analyzed ETF called IBDM will be analyzed in greater detail. The subset

has 373 daily observations. From plotting the data, a clear difference in the two Amihud measures can be

identified, see in the graph (Figure 24). When interpreting the graph, it should be noted that for

visualization purposes there are two y-axes with individual intervals. The left-hand y-axis displays the

Amihud measure calculated based on the underlying securities ( , ), while the right-hand y-axis displays

the values for the Amihud measure on ETF level ( , ). On the x-axis, the time horizon is shown. The dark

blue line is representing the Amihud measure based on the underlying securities ( , ) and the light blue

line is displaying the Amihud on the ETF data ( , ). The average value of the Amihud measure based on

the underlying securities is 0.1707, while the adjusted Amihud measure based on the ETF data is much

smaller, with a value of 0.0007. When performing the paired t-test for the IBDM as a sub-dataset, similar

results can be found compared to the overall data. A small p-value indicates, that the Amihud measure

based on the underlying securities is significantly greater than the Amihud measure based on the ETF data

(Table C.51).

Figure 24 - Comparision of the Amhud Measure, ETF IBDM
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Can the calculated Amihud explain the Amihud measure based on ETF data?

Besides the results that the Amihud measure of the underlying securities is significantly higher compared

to the ETF, the following analysis tests, whether the Amihud measurement based on the underlying

securities can explain the measure based on the ETFs. The visualization of the data lacks to show a

significant relationship or trend. On the y-axis, the Amihud measure from the ETF data is displayed and

the x-axis shows the Amihud measured based on the underlying securities, see Figure C.37. Every dot on

the graph displays a daily observation for one ETF, respectively. The relationship of the overall number

of ETFs is positive with a displayed correlation coefficient of 0.3202. A linear regression is performed to

see, whether the calculated Amihud measure is a driver for the Amihud measure on the ETF level.

Consequently, the Amihud measure based on the underlying securities is regressed on the adjusted

Amihud measure of the ETF.

, = ℎ + , +

For the entire dataset the estimated coefficient for beta shows significance for a value of 0.0068. As the

correlation coefficient already indicates, the higher the Amihud measure based on the underlying

securities, the higher the adjusted Amihud measure of the ETF. When using the average Amihud measure

of the underlying securities, the explained ETF Amihud measure will be 0.1 percent, which is the same

as the actual average of the adjusted Amihud measure on the ETF level. The model concludes that 10.26

percent of true Amihud measure ,  can be explained. This is an improvement compared to the previous

model set up for the bid-ask spread (Table C.52).

With the integration of fixed effects, the results remain similar. The beta coefficient is still significantly

positive after the correction for HAC standard errors and autocorrelation. To see how the results perform

for less frequent and less noisy observations, the data is changed from daily to a monthly frequency in the

following subsection (Table C.53).

Change frequency from daily to monthly data

The 601 monthly observations for the 38 ETFs are calculated based on the underlying daily values. The

monthly variables are calculated as an average of the daily values. To make sure, that outliers do not affect

the findings, the analysis is conducted for the median values.

The relationship between the two Amihud values is positive. The correlation coefficient of 0.77 states that

there is a strong positive relationship and that both values are moving in the same direction. The

correlation coefficient of monthly data shows a significant rise compared to the correlation coefficient of

the daily data, which indicates that the R-squared of a performed regression also increases.
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A significant positive coefficient estimate of 0.0099 is displayed. As before, the monthly average value

for the Amihud measure , (0.1863) predicts an adjusted Amihud measure ( , ) of 0.1 percent. When

,  increases by its standard deviation of 0.0468, ,  is increasing to 0.1556 percent. An increase of

illiquidity of the underlying securities leads to more illiquid ETFs. The R-squared has increased to a value

of 0.6044. This indicates that 60.44 percent of the ETF Amihud measures can be explained by the

calculated Amihud measures. These results remain significant when correcting for HAC standard errors.

With the integration of fixed effects the t-value of the regression coefficient alpha decreases, which leads

to a slight increase in the p-value, but not influencing the significance level of five percent. The increased

estimated beta coefficient of 12.9264 has an enhanced effect of a change of ,  on , . The following

section is added to see whether a regression for each ETF can provide more insights on the relationship

of these measures (Table C.54).

Analysis for sub-datasets

The sub-dataset for the ETF IBDC is considered to analyze whether a regression within one ETF shows

significance. The correlation of the two measures is with a value of 0.75 strongly positive. The ETF IBDC

has 375 daily observations, which corresponds to 18 monthly observations. The pairs of the monthly

observations are shown in Figure 25. The values for the monthly Amihud measures based on the

underlying securities are shown on the x-axis and have an average value of 0.1392. The values for the

ETF based Amihud measure are displayed on the y-axis with an average value of 0.0004. The high

difference in the average values confirms for this specific ETF that the ETF itself is more liquid.

The regression estimates a significant coefficient for beta of 0.00307, which is shown in the slope of the

dark blue regression line in Figure 25. Regarding the R-squared, around 56.7 percent of the Amihud

measure of the ETF data can be explained by the Amihud measure based on the underlying securities

(Table C.55). Therefore, the model for the ETF IBDC is identified as a model with a good fit.
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Figure 25 - Relationship of Amihud measures, ETF IBDC

A positive correlation can be found for 28 out of 38 ETFs. Similar to the ETF IBDC, half of the ETFs

show a positive significant estimator for beta. The regression models of the other ten ETFs have a negative

beta estimate. However, none of these estimates can be identified as significant.

Concluding this sub-section, it has to be mentioned that the use of the adjusted Amihud measure, due to

missing trading data, cannot guarantee the accuracy of the results. It can be said that both proxies tend to

move in the same direction and therefore, the calculated Amihud measure can somehow be used to predict

the adjusted ETF-based Amihud measure. In general, the findings of this analysis for the Amihud measure

are more expressive compared to the analysis of the bid-ask spread in the previous section. Therefore,

next, it will be analyzed if both liquidity proxies calculated disclose similar information.

5.2.3 Correlation of Liquidity Proxies

In the first part of this section, the calculated liquidity measures are analyzed for correlation. During this

analysis, a few ETFs are highlighted. The second part of the section is about a liquidity measure provided

by ETF Global, which should be compared with the ETFs calculated.

How are the bid-ask spread and the Amihud measure correlated?

In the previous sections, the calculation of the proxies that are used has been described. It was analyzed,

whether there is a difference in the proxies of the ETFs and the calculated ETFs based on the information

of the underlying securities. Additionally, it is researched if the calculated proxies of the underlying can

be used to explain the ETF liquidity. In this section, it is analyzed if and how the liquidity proxies

calculated are correlated.

The correlation of two variables explains their relationship. Therefore, a correlation can be positive, which

means that both variables are moving in the same direction and negative, meaning that the variables move
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in a different direction. If one variable increases, the other variable values will decrease. A positive

correlation is assumed for the relationship of bid-ask spread and Amihud measure, as both proxies

measure illiquidity with a high value.

In the Figure C.38, the distribution of both proxies for the overall data is visualized. On the y-axis are the

values for the Amihud measure and the x-axis displays the bid-ask spreads. Every dot is representing a

daily observation of one ETF. Most of the values for both measures are in the areas close to zero. However,

the dots which are more outside of the crowded area seem to show a positive relationship, the correlation

of the entire dataset is negative with the correlation coefficient of -0.4935. Therefore, the assumption that

both proxies moving in the same direction, cannot be verified.

For further analysis, the median and mean of both proxies are calculated on a monthly basis. The

correlation of the median of the calculated Amihud measure and the median of the calculated bid ask-

spreads tend to be even more negative, which is displayed by the correlation coefficient of -0.6788. For

the monthly mean of both proxies, the correlation turns out to be even more negative (-0.6955).

For the entire dataset the used proxies are heading in different directions. To determine if there are specific

ETFs that lead to unexpected findings, the next section analyzes sub-datasets for individual ETFs in more

detail.

Analysis of sub-dataset – ETF IBDM

For this section, the entire dataset is filtered for the previous analyzed ETF IBDM. This should show how

liquidity proxies are related to each other for just one ETF. For this ETF 373 daily observations are

available. The average of the bid-ask spread is 0.0674 and the average of the Amihud measure is 0.1706.

The visualization of the relationship of these values shows a weak positive correlation. The correlation

coefficient of 0.1603 supports the positive relationship that is assumed by looking at the scatter of the

observations in Figure C.39.

To see, if the analysis based on monthly data states the same relationship both, the median and mean, are

calculated. The correlation coefficients for both values turn out to be negative. Regarding the median, the

proxies for IBDM have a negative relationship of -0.2511 and the mean the relationship is with a

correlation coefficient of -0.2733 even more negative. To check whether there are more ETFs with such

correlation coefficients, or whether the ETF IBDM is an exception, the relationship is analyzed for another

ETF.
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Analysis of subset dataset – ETF ITR

Next, the ETF ITR will be analyzed. The sub-dataset for this variable has 184 daily observations. The

mean of the bid-ask spread is 0.0661 and the mean of the Amihud measure is 0.1898. In comparison with

the ETF IBDM, the ETF ITR is more liquid related to the lower bid-ask spread and more illiquid regarding

the higher Amihud measure. Among the entire dataset, the correlation coefficient of ITR is 0.7007 and

therefore, the relationship of these two measures is strongly positive. The displayed graph (Figure 26)

shows the scatter plot of the ETF ITR. Every daily observation is one dot in the graph and the line shows

a positive trend. On the x-axis, the values of the bid-ask spread are shown and, on the y-axis, the Amihud

measure is displayed.

Figure 26 - Correlation of Bid-Ask Spread and Amihud Measure, ETF ITR

For both monthly variables, the mean and the median, are positive correlations identified. While for the

median the calculated correlation coefficient is 0.8441, the correlation coefficient for the mean of the

variables with a value of 0.8895 even stronger. In order to prove that this ETF is no exception, another

ETF will be analyzed.

Analysis of subset dataset – ETF LQD

Last but not least, this subsection analyzes the correlation of the Amihud measure and the bid-ask spread

of the ETF LQD. The sub-dataset of LQD has 374 daily observations. The average bid-ask spread is

0.00445 and therefore, it is below the bid-ask spread of ITR and IBDM, which means that regarding the

bid-ask spread the LQD is more liquid. The Amihud measure of 0.2244 is exceeding the previous

mentioned ETFs and therefore, LQD tends to be more illiquid. The correlation between these two

variables is positive with a coefficient of 0.5539 and in line with the findings for the ETF ITR. Both
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proxies for the correlation coefficients for the monthly median (0.7733) and the monthly mean (0.8343)

are strongly positive (Figure C40).

Table 6 provides a summary of the previously mentioned analysis results.

Table 6 - Descriptive Statistics and Correlation for selected ETFs

ETFs N Bid-Ask Amihud Correlation Median Cor. Mean Cor.

ALL 12198 0.0836 0.1874 -0.4935 -0.6788 -0.6955

IBDM 373 0.0674 0.1707 0.1603 -0.8151 -0.7991

ITR 184 0.0661 0.1898 0.7007 0.8441 0.8896

LQD 374 0.0445 0.2244 0.5539 0.7733 0.8343

With having a look on all ETFs, it is easy to see, that the majority of the ETFs show a positive relationship

between the two liquidity proxies. Just 10 out of the 38 analyzed ETFs show a negative correlation. Most

of these ETFs have a high average bid-ask spread, which could lead to the negative correlation. More

precisely, eight of the ETFs with a negative correlation can be found under the ten highest bid-ask spreads.

It is even more extreme for the individual ETFs observed within individual month. Since a negative

coefficient is only observed for a minority of months and just for some few ETFs. This is just for 69 out

of the 601 observations the case and therefore, for just slightly above 11.0 percent.

If only the overall correlation of these data is considered, the correlation coefficient is distorted only

because there is an extreme negative correlation on a few days. After a deeper immersion of the data, a

positive relationship of the calculated proxies is more likely. In the following subsection, these proxies

should be compared with a liquidity proxy the dataset already contains.

Correlation of Proxies and the Quant Liquidity measure

ETF Global provides the value for a variable called risk liquidity. This variable is a quality-based variable

that measures liquidity. The ETF Global data provider describes the variable liquidity as a combination

of both bid-ask spread and the volume of ETF. This variable allows the investors to evaluate if and how

their trading impacts the price of the specific ETF. The higher the rank of the variable, the easier and

higher the liquidity. Thereby the specific ETF has lower implicit costs (ETF GLOBAL, 2019). The risk

liquidity rankings are from 3.4 to 7.5. Regarding this, an ETF with a risk liquidity measure of 7.5 can be

considered to be a liquid ETF. Most of the ETFs have a liquidity measure of 5.0.
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Coming back to the previously calculated proxies, for bid-ask spread and Amihud measure, it is the other

way around. The higher the value, the lower the liquidity. Therefore, it is assumed, that the provided risk

liquidity proxy and the other two proxies are negatively correlated.

However, by looking at the variable values of the risk liquidity measure, it is noticeable that the values

are not of a high spread. As one ETFs are entitled to have in average a risk liquidity measure 7.5 and the

other 30 are assigned with the risk measure 5, the remaining seven ETFs have an average in between 5

and 7.5 (Table C.56). Regarding this observation, it is not reasonable, to conduct an analysis that includes

this variable.

5.3 NAV – Does higher Liquidity increase the Price (NAV) of the ETF?
Various studies investigate that higher liquidity is increasing the price of an ETF. Therefore this section

will include the NAV as a price for further analysis. This variable can be found in the fund flow file

provided by ETF Global.

Amihud and Mendelson (1986) identify liquidity as an important factor for asset pricing. They mention

that lower liquidity has for both bonds and equity the same result, namely a higher yield that they are

expected to achieve. The more liquid a financial instrument is, the higher is the price for which it can be

sold. Therefore, it is a better decision for investors to hold illiquid assets rather than sell them for a low

price.

For the following analysis, the proxies used to measure liquidity are the proxies calculated from the

TRACE data information for the underlying securities.

5.3.1 NAV and the Bid-Ask Spread

The first step is to analyze whether the calculated bid-ask spread (qi,t) affects the price. As it is already

mentioned in a previous section, the price is equal to the NAV. The average of the bid-ask spread for the

38 considered ETFs is 0.0836, while the average price for the ETFs is equal to 35.35. As a first step, the

correlation coefficient for these variables is emphasized. The NAV and bid-ask spread are negatively

correlated with a correlation coefficient of -0.1593. The two variables are associated for moving in

opposite directions, but since the coefficient is rather close to zero than close to one, the variables are said

to have a weak linear relationship. To learn more about the relation of these two variables, the bid-ask is

used as an explanatory variable to analyze the price.

, = ℎ + , +

The results of the regression show that the estimated coefficient for beta is significantly negative with a

value of -93.711. At an average bid-ask price of 0.0836 calculated from the relevant ETFs, a price of
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35.84 is predicted. This predicted price is close to the calculated average price of 35.35. If the bid-ask

spread is increasing by its standard deviation of 0.0424, the price would decrease by 3.97. For the average

price of 35.25, this would mean a decline in the price of around 11 percent. With regard to liquidity, if the

underlying securities of the ETFs become more illiquid, there is a price drop in the ETF. However, one

must be aware that the low R-squared of 0.0253 indicates that the model is not optimal and indicates the

scatter around the regression line widely distributed (Table C.57). Nevertheless, even the low R-square

does not change the assumption of a negative relationship between the bid-ask spread and the price

regarding the small p-value. This result is in line with the findings Amihud and Mendelson (1986)

exposed. In this context, the more liquid the underlying securities of the ETF, the higher the price for the

ETF.

Fixed effects are as the following step integrated to the regression line to control for the Ticker to be

constant across entities. Especially for the NAV, it is important to add fixed effects, as the individual

ETFs move in different price categories. The estimator for the coefficient beta shows a significant value

of -0.1203. Therefore, the influence of a change in the bid-ask spread on the price of the ETF is smaller

with the integration of fixed effects. Regarding liquidity the interpretation remains the same; an increase

in the bid-ask spread means a decrease in liquidity, which tends to decrease the price of an ETF.

When correcting the standard deviation for heteroscedasticity and autocorrelation to get HAC standard

errors, the standard errors are increasing and therefore the p-value increases, too. The estimated beta

coefficient for the model is still significant on a ten percent level but is not significant on the five percent

level anymore (p-value = 0.0592) (Table C.58). One reason for that could be a too high frequency based

on the daily data. The previous analysis is conducted again, but now with the use of monthly created

variable data.

Change frequency from daily to monthly data

As before, the monthly variables for NAV and bid-ask spread are calculated by using the average within

each ETF for each month. Using the monthly data show a similar significant estimated coefficient for beta

of -94.887, which indicates that the effect of a change in the bid-ask spread remains the same. Adding

fixed effects to the model and correct the model for heteroscedasticity and autocorrelation, identifies the

estimator of -1.7509 not as significant anymore. This indicates a higher p-value of 0.1067, which is above

the significance level of five percent. Analyzing these results show, that especially with monthly data and

the integration of fixed effects, a good price prediction based on the bid-ask spread of the underlying

securities is not possible (Table C.59). Using the median instead of the mean of the NAV and the bid-ask

spread, show similar results. That is why one can rule out, that outliers are affecting the creation of the

monthly variable and therefore falsify the results. One reason for the weak results could be that the
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individual ETFs are priced on different levels unrelated to the bid-ask spread as it can be seen in Figure

C.41. Therefore the prediction of the price for all ETFs with only one beta estimate in the regression line

is not sufficient.

For this reason, the next subsection will deepen into an analysis of individual ETFs. Two sub-datasets of

two representative ETFs are analyzed in the following to get to know more about the movements within

the ETF. These ETFs are selected because they show two contrary results.

Analysis of sub-dataset - BSCJ

In this part, the sub-dataset of ETF BSCJ is analyzed. The ETF BSCJ contains during the observation

period an average in the 379 underlying securities. There are 372 daily observations with an average

calculated bid-ask spread of 0.14433 and an average price of 21.08.

A negative correlation of the bid-ask spread and the price can be already assumed by looking at Figure

C.42. The actual correlation coefficient of -0.7796 confirms a strong negative relationship. That states

that the bid-ask spread and the price are moving in opposite directions.

The negative linear relationship can be confirmed by the regression line. The highly significant estimated

coefficient for beta is -1.3171. If the average bid-ask spread is used as the explanatory factor, the price of

21.07 is predicted, which is roughly equivalent to the average price of the ETF BSCJ. An increase in

liquidity and thus a narrowing of the bid-ask spread by the amount of the standard deviation of 0.0539

would lead to an increase in NAV of 0.074 to a resulting price of 21.15. These results identify the

regression model already as a good fit. The good fit is additionally confirmed by the R-squared of 0.6078,

which shows that in the model for individual ETF BSCJ the bid-ask spread can explain 60.78 percent of

the price. While correcting for heteroscedasticity and autocorrelation, the coefficient for beta remains

highly statistically significant (Table C.60). This result is in line with the literature. An increase in

liquidity, and therefore a decrease of the bid-ask spread, leads to a higher price. A negative estimator can

be found in 23 of 38 ETFs and for 17 out of the 23 ETFs, the negative estimator coefficient is significant

on a 5 percent level.

Analysis of sub-dataset - IBDR

In the next step, the analysis for the ETF IBDR is conducted. This ETF has in average 291 underlying

securities in its basket. The 373 daily observations show an average bid-ask spread of 0.0436 and an

average price of 23.87. Compared to the ETF BSCJ mentioned in the previous subsection, the ETF price

is just slightly above. The correlation coefficient for these two variables is 0.5056, which means that the

bid-ask spread and the NAV have a positive relationship.
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The regression line shows a significant coefficient for the beta estimate of 50.7539, even if the standard

errors are corrected for HAC standard errors (Table C.61). If the bid-ask spread is assumed to be its

average of 0.0436, a price of 23.87 is predicted, which is exactly the average price of the ETF. If there is

a decline of the bid-ask spread as an identifier for more liquidity, equal to the standard deviation, the price

declines by 0.2929 to a price of 23.58. The R-squared of the model is 0.2557, which means that 25.57

percent of the given prices of the ETF IBDR can be explained by the calculated bid-ask spread. This result

is contrary to the findings in the literature.

For 15 out of the 38 ETFs, the bid-ask spread estimator is positive, but just for 7 of the ETFs the positive

estimated coefficients are significant on a 5 percent level.

Table 7 - Summary of Regression Results: NAV and Bid-Ask Spread

ETF N NAV Bid - Ask Correlation Beta R-squared

ALL 12298 35.84 0.0756 -0.1593 -93.7115 0.0254

BSCJ 372 21.08 0.1433 -0.7796 -1.3713 0.6078

IBDR 373 23.97 0.0436 0.5056 50.7539 0.2557

Both types of estimated coefficients have an individual interpretation. But on the whole for more than 60

percent, 24 of 38 ETFs, the certain estimated coefficients confirm that a significant relationship is present,

whether it is negative or positive changes for individual ETFs. In total there are more than twice as many

significant results in ETFs for a negative coefficient and therefore a negative relationship. Related to the

reviewed literature, that is because ETF that are becoming more liquid increase in value and this is

reflected in a rise in the price.

5.3.2 NAV and the Amihud measure

In this section, the same analysis that is done in the previous section with the bid-ask spread as a liquidity

proxy, will be conducted for the calculated Amihud measure ( , ). The NAV variable is therefore not

changed and remains the same. Since the Amihud measure indicates, similar to the bid-ask spread, high

value to illiquidity, it is assumed, that there is a negative relationship with the price of the ETF. The

average of the Amihud measure for all observations is 0.1874, the price average among all days and ETFs

is unchanged 35.84.

A first impression of the relation of the two variables can be created by analyzing the correlation

coefficient. With a correlation coefficient of 0.1262, the NAV and the Amihud measure seem to have a

weak positive relationship. Contrary to the bid-spread, the Amihud measure moves for the overall dataset

in an opposite direction as the price.
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Following, the Amihud measure is used as the explanatory variable to explain the price.

, = ℎ + , +

Running the regression for the entire dataset shows that there is a significant estimated coefficient for beta

of 54.71. This indicates that a higher value of the Amihud measure leads to a higher price of the ETF.

Because a high Amihud measure indicates illiquidity, the result states the more illiquid the ETF, the higher

the price. This finding is not in line with the analysis of the bid-ask spread and hereby contrary to the

literature. For the average Amihud measure a price of 35.84 is predicted, which is exactly equal to the

average price of the overall dataset. If the Amihud measure is increasing by its standard deviation of

0.0576 to show more illiquidity, the price is increasing to 38.9931. This result has to be interpreted in

awareness of a low R-squared of 0.01593 (Table C.62).

Fixed effects are added to the regression, due to the observed individual price categories for individual

ETFs. The effects are again used to identify the ETF Ticker as a non-random quantity and fix it. As before,

the regression output is not showing any constant, because the constant changes regarding the individual

ETFs. Similar to the section above, the estimator of the Amihud decreases to be less positive (beta =

2.903) and therefore the effect on the price of a change in the Amihud measure eases off. For instance,

the average Amihud measure would increase for every individual ETF by just 0.1671 instead of 3.1498,

which was the case before the integration of fixed effects. The significance of results does not change

after correcting the standard errors for heteroscedasticity and autocorrelation (Table C.63). Following this

analysis, the daily frequency of the data is lowered to monthly data to stabilize the data frame and remove

noise from the data.

Change frequency from daily to monthly data

The monthly values of the Amihud measure and the price are the results of calculating the average of the

daily data for each individual ETF. Looking at the correlation coefficient, it is noticeable that the

correlation coefficient increases from 0.1262 to 0.1639, indicating that the relationship between the two

variables is strengthening in the same direction. This result is also observable when one is looking at the

resulting coefficient of running the same regression as for the entire dataset. The estimated beta coefficient

of 86.507 is significant and increases the effect of the Amihud measure on the price considerably. Adding

the fixed effect for monthly data and correcting for HAC standard errors displays that the significant

estimated coefficient of 13.2725 is decreasing, but still noticeable higher compared to the daily data (Table

C.64). To sum this up, the results of analyzing the monthly data heading to the same findings as the daily

data, but the effect of the Amihud measure on the price seems to be more intensive. Similar results can be

found by taking the median instead of the mean, this confirms that the results are not affected outliers.
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The result of the conducted analysis is contrary to the assumptions, that the decrease of the Amihud

measure should affect the price positively. To indicate whether the results for unique ETFs vary, one takes

a closer look at individual ETFs by deepening the analysis into two ETFs by analyzing the sub-datasets.

Likewise before, the ETFs with extreme significant results are picked.

Analysis of sub-dataset – BSCR

The first ETF that is analyzed is the ETF BSCR with an average of 96 underlying securities. For BSCR

267 daily observations are available. The average Amihud measure for this ETF is 0.218 and the average

price of the ETF is 19.33. First, the correlation coefficient is determined to get interesting insights about

the correlation of these two variables. The correlation coefficient for the ETF BSCR is -0.2677, which

means a negative relationship. The variables are likely to move in opposite directions. This negative

correlation is supported by the regression line of the two variables. The resulting estimator, while

regressing the price on the Amihud measure, is significantly negative. The estimated coefficient for beta

of -2.0098 can be used to explain the movement of the price. When the Amihud measure is increasing,

the price is decreasing. For instance, if the average Amihud measure of 0.218 is used as an explanatory

factor, the resulting price of the prediction is 19.32. This price is roughly equal to the average price of

BSCR. If the underlying securities of the ETF increase their liquidity and the Amihud measure is hereby

decreasing equal to the amount of its standard deviation (0.0588), the price rises to a value of 19.44. These

findings are in line with the mentioned literature research. Nevertheless, one has to be aware that the R-

squared indicates that just 7.165 percent of the prices of BSCR can be explained by the calculated Amihud

measure (Table C.65).

For just three of the 38 ETFs, a negative estimated coefficient for alpha is computed in running the analysis

for the unique ETF. These results already indicate that the positive estimators are more present in

regressing the price of the ETF on the Amihud measure.

Analysis of sub-dataset – IBDC

IBDC is an ETF that contains in average 357 underlying securities in its basket. The 373 daily

observations show an Amihud measure average of 0.1392 and an average of the price of 26.03. The ETF

is identified as more liquid compared to the previous analyzed ETF, due to a lower Amihud measure and

it is priced higher. Taking a look at the correlation coefficient of these two variables indicates that there

is a positive relationship. The correlation coefficient of 0.4053 identifies the relationship as fairly strong.

The regression of the Amihud measure confirms the positive relationship. The significant positive

estimator for beta is 1.6633 and remains significant after correction the standard errors for

heteroscedasticity and autocorrelation. By inserting the average Amihud measure of 0.1393 in the

regression line a price of 26.03 is predicted. An increase of this Amihud measure equal to the standard
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deviation of 0.0377 raises the price to 26.09. The Amihud measure of ETF IBDC can explain 16.43

percent of the prices with respect to the R-squared (Table C.66).

In total 35 of the 38 ETFs show a positive Amihud estimator. Of these 35 ETFs, 28 ETFs have a significant

estimated coefficient, which is 80 percent of all ETFs. These results are contrary to the reviewed literature.

Regarding these ETFs, higher liquidity is identified with a higher price of the ETF.

Table 8 - Summary of Regression Results: NAV and Amihud Measure

ETF N NAV Amihud Correlation Beta R-squared

ALL 12298 35.84 0.1854 0.1262 54.5847 0.01593

BSCR 367 19.33 0.218 -0.2677 -2.0098 0.0717

IBDC 373 26.03 0.1392 0.4053 1.6633 0.1643

To sum up, for almost 80 percent of ETFs, the certain estimated coefficients confirm that a significant

relationship is present, whether it is negative or positive changes for individual ETFs. Overall, unlike the

bid-ask spread, much more positive correlation and positive coefficient are analyzed for the Amihud

measure. Based on the literature reviewed, this result cannot be explained by a theoretical framework.

5.3.3 NAV and the combination of the bid-ask spread and the Amihud measure

In this subsection, the cohesive effect of both variables, the bid-ask spread and the Amihud measure, on

the price of the ETF is analyzed. As already stated in section 5.2.3, in line with the theory, the Amihud

measure and the bid-ask spread both identify an asset as liquid, if the value is low. The correlation of these

two proxies was calculated in the previous section. For the entire ETFs, the correlation of both proxies is

negative (-0.4936), which indicates, that the proxies are not showing the same findings for liquidity. But

it was also shown, that for individual ETFs, the liquidity measures move in the same direction.

If both proxies are summed, the correlation coefficient of the sum and the price is 0.0097, which is below

the correlation coefficient of the Amihud measure with the price and exceeds the correlation coefficient

of the bid-ask spread with the price. Just summing up the proxies for each ETFs is not giving any advice

on the overall correlation. That indicates that for of the individual ETFs, the proxies are moving in

opposite directions.

In the next step both liquidity proxies are added to a regression line to explain the price.

, = ℎ + 1 , + 2 , +
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When running the mentioned regression, significant results are achieved. The estimators for both variables

are significant. What has already been assumed based on the previous results, is confirmed.  The estimated

coefficient beta1 for the bid-ask spread is highly significant negative and the estimated coefficient beta2

is highly significant with a positive coefficient. An increase in both liquidity proxies would, therefore,

compensate the effect on the price. The predicted price, when using both average values of the liquidity

proxies in the estimated regression line, is 35.83, which is just slightly lower as the actual average price

of 35.84. While running a multiple regression, it makes sense to not just look at the results of the t-test,

but also have a look at the F-statistic. Unlike the t-test that can assess just one regression coefficient, the

F-test can assess multiple coefficients simultaneously. In fact, the p-value of the F-statistics is close to

zero, which states that both coefficients are jointly significant. Nevertheless, one has to be aware that the

R-squared (0.02838) of the model is very low (Table C.67).

The integration of fixed effects to the regression model shows that within the single ETFs the estimated

regression coefficient decreased in value compared to the overall model without fixed effects. The signs

of the estimated coefficient do not change and the t-Test and F-Test still indicate significance. While with

correcting the model for HAC errors, the beta1 coefficient for the bid-ask spread loses significance on a

five percent level but remains significant on a ten percent level (Table C.68). In the following, the

variables used for regression analysis are switched from daily to monthly frequency to see if an

improvement in the results can be achieved.

Change frequency from daily to monthly data

As before, the average monthly values are calculated based on the daily numbers. The result of changing

the daily frequency data to monthly data and re-do the analysis shows, that the estimated coefficient beta1

remains significant on a five percent level, while the estimated coefficient is not significant anymore (p-

value = 0.2436). However, the F-test states that both coefficients are jointly significant.

With the adding of fixed effects and the correction for HAC standard errors, the p-value in terms of beta1

coefficient rises to 0.9972, indicating that the monthly bid-ask spread variable in the regression line cannot

say anything about the price. The estimated coefficient beta2 turns back to be significant (Table C.69).

Analyzing the overall dataset shows inconsistency in the findings. Especially regarding the different price

levels, it makes sense to carry out analyses for individual ETFs. In the following, two different ETFs are

selected and analyzed in order to examine in more detail how the associated liquidity proxies can explain

the price within individual ETFs.
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Analysis of sub-dataset - IBDK

There are not many ETFs, for which both liquidity measures are negative. But the IBDK it one of the

cases, for which the estimated coefficients for beta1 and beta2 are identified as negative. The average

price of IBDK is 24.84, while the average bid-ask spread is 0.1427 and the Amihud measure is 0.119.

When looking at the simple linear regression just for the Amihud measure the estimated coefficient for

beta is positive (0.87262), which leads to the assumption that it remains positive when both proxies are

combined in a multiple regression and have therefore a positive effect on the price. But contrary to the

assumption both proxies turn out to have a negative influence on the price. The actual coefficients of the

ETF IBDK are regarding the small p-value of the F-test jointly significant. The coefficient for beta is still

significant negative and therefore a rise in the Amihud measure has a decreasing effect on the price. The

result of the t-test for the individual estimated coefficient beta2 for the Amihud measure shows no

significance. Nonetheless, the R-squared of the model of 0.6351 indicates that the majority of NAVs can

be explained by the model (Table C.70). In the overall dataset, there are similar results for three ETFs.

For one of the three ETFs, both proxies have a significant influence.

Analysis of sub-dataset – PFIG

The ETF PFIG is one of the ETF, already mentioned one section earlier. The 372 available daily

observations representing a bid-ask spread of 0.0785, an average Amihud measure of 0.1965 and an

average price of 25.17. The correlation of the sum of the proxies and the price of the ETF shows a positive

relationship with the correlation coefficient of 0.3028. The regression line of the multiple regression

shows that both estimator coefficients are significantly positive. The higher the value of the two liquidity

measures, the more illiquid the ETF and therefore the higher the price of the ETF. An increase in both

proxies will have an enhanced effect on the price. Even after correction for heteroscedasticity and

autocorrelation the p-values of both test, F-test and t-test are close to zero, therefore, the results are highly

significant. As always, one has to be aware of the R-squared value, which identifies the model quality.

Around 10 percent of the prices of the ETF JPGB can be explained by taking both measures into account

(Table C.71). There are 11 ETFs for which an increase in both liquidity proxies increases the price of an

ETF in the same direction.

Analysis of sub-dataset – IBDC

In the previous two subsection, two ETF are chosen, for which the liquidity proxies are moving in the

same directions. Now we are analyzing an ETF that display different results. The ETF IBDC has 373 daily

observations and 357 underlying securities. The average bid-ask spread of 0.1135 is above the average of

the entire dataset and the average Amihud measure of 0.1392 is low in comparison. The average price of

the ETF of 26.03 is one of the lower average prices compared to the other ETFs.
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The correlation coefficient of the summed proxies and the price of the ETF indicates with -0.2814 a

negative relationship. For this reason, it is assumed, that the regression coefficients will show negative

estimators. But the regression shows that the bid-ask spread has a decreasing effect on the price with a

negative beta1 value of -3.8304 and the Amihud measure increases the price with a positive beta2 of

0.6672. For both the F-test and the t-test, the p-value is close to zero, which indicates significant findings.

Around 73.2 percent of the prices can be explained by the Amihud measure. The estimated coefficients

stay significant even after the correction for HAC standard errors (Table C.72). This model is the best

model when comparing the R-squared of this model with the models with either just the Amihud measure

or just the bid-ask spread as an explanatory variable. All three models for the ETF IBDC show significant

results.

This result for the mentioned ETF shows, that there even can be a model, where the estimators of the

proxies have opposite signs but both are still showing significance. The majority of ETFs, 24 ETFs show

this kind of result.

Table 9 - Summary of Regression Results: NAV and Bid-Ask Spread and Amihud Measure

ETF N NAV Bid - Ask Amihud Correlation R-squared

ALL 12298 35.84 0.0756 0.1854 0.0097 0.02838

IBDK 374 24.82 0.1427 0.119 -0.675 0.6351

PFIG 372 25.17 0.0785 0.1965 0.3028 0.998

IBDC 373 26.03 0.1135 0.1392 -0.2814 0.7319

Sub conclusion of the results

Regarding the previous results, it is not quite clear which effect the calculated liquidity proxies have on

predicting the price. It seems that on the one hand, higher liquidity regarding a lower bid-ask spread has

a positive effect on the price of an ETF, and on the other hand, higher liquidity due to a lower Amihud

measure has a negative effect on the price of the ETF. It is questionable whether it is possible to price

ETFs regarding to liquidity. In the next section, the actual bid-ask spread given by ETF Global is

integrated to say something about the price.

Can the bid-ask of the ETF predict the price of the ETF?

This analysis part is based on ETF Global data only to verify if it is even possible to say something about

the actual liquidity, measured by the bid-ask spread of the ETF and the price. The correlation of the given

bid-ask spread of the ETF and the price should be negatively related to the literature. The correlation
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coefficient for these two variables for the daily observations that are taken into account is slightly negative,

at -0.1124.

The estimated coefficient beta of regressing the price on the actual bid-ask spread is significant negative,

at -349.73. The predicted price by using the average actual bid-ask spread of 0.00373 of the 38 overall

ETFs is similar to the actual average price with the value of 35.85. The integration of fixed effects lower

the estimated coefficient for beta and lowers, therefore, the effect of the bid-ask spread. The R-squared of

the model is very small, which indicates the model as weak (Table C.73).

Neither the change to a monthly frequency nor the analysis of unique ETFs show consistency in the

findings. Even the bid-ask spread of the ETF itself cannot predict a reliable price. How much does the

liquidity of an asset matter for the price? Is it in any case possible to explain the price just with liquidity?

Probably not and one reason is that liquidity alone is not a sufficient explanatory for pricing. There are

among other factors which are responsible for the price. Some of these factors are mentioned in one part

of the following discussion section.

6 Discussion
As illustrated in the previous analysis, not always reasonable and significant results could be found.

Several reasons might account for this issue, which are briefly outlined in the following discussion section,

starting with a quick sum-up of the results.

A brief overview of results

The analysis started with the finding that a higher share of non-corporate assets in an ETF increases the

liquidity in the ETF. This liquidity definition was based on the given bid-ask spread of the provided ETF

Global data. Based on the literature review, a lower bid-ask spread is correlated with higher liquidity. This

result is in line with the assumption made as one assumes that high liquidity of an ETF is based on highly

liquid underlying securities, such as cash, stocks, options and other bonds. Therefore, the higher the share

of these non-corporate securities, the more liquid the ETF.

Additionally, the analysis continued with the same dependent variable – the bid-ask spread – but a change

in the explanatory variable. The explanatory variable was defined to be the share of non-frequently traded

bonds. It was possible to find a positive correlation between the share of non-frequently traded bonds and

illiquidity identified by a larger gap between bid and ask yields. This was analyzed based on the fact that

the higher the share of non-frequently traded bonds, the lower the share of frequently traded bonds and

non-corporate assets, both of which are identified as more liquid than the non-frequently traded bonds.
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After these two analyses about the composition of the basket of the Bond ETFs and the related liquidity

of the bid-ask spread, the trading information about the underlying securities of TRACE was used to get

more insights about the constituents of the different ETFs. For both liquidity proxies - Amihud measure

and bid-ask spread - it was possible to test for the fact that the ETF itself is more liquid compared to the

underlying securities. This was in line with the results of Ben-David, Franzoni and Moussawi (2018).

Afterwards, it was tested, if the liquidity of the underlying can predict the liquidity of the bid-ask spread.

These predictions were successful for some ETFs, while for a few ETFs the resulting estimators were not

significant and occasionally even negative, which implies a negative correlation of the proxies.

Thereafter, the relationship between the bid-ask spread and the Amihud measure, which both were

calculated on the basis of the underlying securities, was estimated. Regarding the fact, that a high value

in each proxy indicates illiquidity, it was assumed, that the proxies are moving in the same direction and

therefore have a positive correlation. It was mostly possible to find a positive relationship within the

individual ETFs. However, the relationship overall ETFs was slightly negative.

Ultimately, it was tried to predict the price of an ETF by using the calculated liquidity proxies. Regarding

the reviewed literature, it was expected that a lower proxy - bid-ask spread or Amihud measure – will

increase the price of the ETF. For the bid-ask spread, it was possible to confirm results in line with the

reviewed literature, at least for the majority of the ETFs. However, for the Amihud measure, the results

stand in contrast to the literature, as there was a positive correlation between price and proxy. Summing

up, it was not successful to get the same consistency in the pricing of the ETF as Amihud and Mendelson

(1986) found for stock markets. But which factors can explain the price of the ETF? Regarding Vanguard

Asset Management (2005) is the price of an ETF based on the value of the underlying portfolios. Hence,

the price is majority determined by corporate bonds, it needs to be found out which factors the price of

the bonds determines. Bond prices fluctuate with changes in the market sentiments and economic

environment. The development of yield, current interest rates on the market and the rating of the bond

influence the bond price. Inflation is the driver for higher interest rates that requires as compensation

higher discount rates and herby decreases the price of a bond. For bonds with a longer maturity, the price

reduction is more intense as they are exposed to inflation and interest rate risks over a longer time horizon.

The exchange rate plays an important role for foreign and bonds containing two different currencies (Fama

& Schwert, 1977).

In general, the derived findings are not consistent and should, therefore, be considered with a certain

amount of criticism. However, it was possible to give an indication about if and how the composition of

the Bond ETF and the liquidity of the underlying securities can predict liquidity and price the Bond ETF.
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In light of these results, the following sections will discuss how these findings are influenced and how it

is possible to improve the findings to be more consistent by introducing different changes in the setup of

the analysis.

6.1 Assumed data errors and limitations on data access
In the first part of this section, present lacks in the dataset are discussed. As the significance and

consistency of the results of the analysis are depending critically on the quality of the dataset, it is

important to have a systematically cleaned dataset without any errors and lacks in data quality. In the

further part, restrictions in connection with data access are discussed, which may be a reason for the

inconsistency of the results.

Bid-Ask Spread

Based on the fact that the market for ETF data is still relatively small, even a dataset of one of the top

providers can contain several data errors. Especially the high bid-ask spread, which is observable for six

ETFs out of the 44 are suspect. Troublesome is that the average values are influenced by these high bid-

ask spreads. In the data description part section 4.3, it was decided to exclude the ETFs with a high bid-

ask spread, because a bid-ask spread this high is not accurate for ETFs and assets in general and hence

identified as an outlier value. Therefore, it is questionable, if better results are achievable when these

observations from the analysis were to be included. These assumed data errors would have affected the

results of the analysis where the actual bid-ask spread is included. One approach would be to just exclude

these daily observations and still run the analysis with 44 remaining ETFs. But it was decided against this

approach because when an ETF is included, it should be included with all observations to ensure better

accuracy.

Constituent Weights

Another factor to be discussed are the constituent weights, as it was observed that for certain days a few

of the ETFs contain underlying constituents that have negative weights in futures, as it was analyzed in

section 5.1.2. As already described in the data cleaning process, these negative weights were filtered out

of the basket of affected ETFs. However, it could be that these excluded underlying securities are altering

and influencing the overall basket of the affected ETFs, as the ETFs themselves that are affected by the

negative positions in futures are not excluded from the analysis. One possibility would be to exclude the

ETFs from the dataset in order to try to improve the consistency of the results.

Trading Volume

For calculating the Amihud Measure adapting the method Dick-Nielsen et al. (2012), the variable

accounting for daily trading volume is missing. ETF Global is solely providing the average daily trading
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volume based on the last three months. With this provided information, it is unfortunately not possible to

calculate the average daily trading volume. Therefore, an adjusted formula was used to calculate an

Amihud proxy for the ETF itself.  Due to the fact that it is assumed that the daily trading volume does not

change significantly between days, the Amihud proxy was computed as the return of the daily price

changes. However, given information about the actual daily trading volume for each ETF would provide

more accuracy in the Amihud measure and would additionally be another indicator for identifying

liquidity. Moreover, the trading volume of Investment Grade was set to a maximum trading volume of 5

million for all bonds, which is one kind of manipulation.

6.2 Adjustments of the analysis
In this subsection, possible optimizations and adaptations on the conducted analysis are outlined, which

could lead to an improvement of the results. However, for the adaptions to be made, the required data

would need to be accessible.

To low required weight of bonds

One reason for the outlined inconsistency in the results could be that the minimum weight of frequently

traded bonds of 50 percent is too low to identify an ETF as a Bond ETF.  This 50 percent characteristic

was chosen related to the paper of Pan and Zeng (2017). However, the significance of the results is not

constituent, as there is the possibility that the results and in particular the R-squared for the model might

improve, if the percent weight of frequently traded bonds is increased to, for instance, 70 percent. To filter

the ETFs that have a minimum average of 70 percent of frequently traded bond weight reduces the relevant

ETFs to six. These are far fewer ETFs compared to the initial 38, for which the analysis is conducted in

the dataset. Additionally, the significantly reduced amount of ETFs that can be used to test the outlined

hypotheses, might give misleading results.

Rescaling of weights

The calculations of the liquidity proxies are based on the underlying securities for which information

about trading was available. The calculated proxies are based on the weight in each security, which is

rescaled. The rescaling of the underlying securities is carried out proportionally to reach a sum of one.

The underlying securities, for which no trading information in TRACE was available, lose their weights

to the underlying securities for which TRACE provides information. Therefore, it could be that the

liquidity of underlying security with the actual weight of 10 percent has a weighting in the liquidity proxy

of 15 percent. This means that the frequently traded bonds are too heavily weighted in the applied liquidity

proxies. Based on the fact, that one wants to have quite realistic liquidity proxies that contain information

of securities in the ETF basket, one possible approach would be to gather information about the trading
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for the entire underlying securities. This would provide the possibility, to redo the calculation of the

liquidity proxies with the actual weight of the underlying securities.

Pricing of ETF

In the third part of the analysis, the price of an ETF is predicted by the chosen liquidity proxies. In that

section, it was assumed that a change in the liquidity proxies involves an immediate change in the price

of the ETF. Therefore, the regression is conducted using both variables at the same time t. But probably

liquidity changes in a Bond ETFs or the underlying securities have a delayed or lagged effect on the price

of the liquidity. Therefore the quality of the model could be improved, by trying to adjust the indices of t

for different times. That means that the price in t would be affected by the liquidity at t minus x. The

challenge implied is to choose the optimal x to maximize the quality and therefore, the R-squared of the

model. An option to achieve that is to conduct the regression for different lags in the data. Another

opportunity would be to change the data to a time series and analyze, which lag of the liquidity is the best

predictor for the price.

Immature market

Another effect that influences the results is the possibility of an immature market. The market is called

mature when there are no changes in the market conditions and the market has reached an equilibrium

state. However, the current market is influenced by several factors that not necessarily guarantee a market

equilibrium. One factor which is responsible for an immature market is, i.a. the change in the inflation

rate. Another factor that leads to an immature market is the change in the FED interest rate. These external

factors are integrated in the error term of the regression. One approach would be to check whether the

results are independent of the market condition by the integration of control variables. After an initial

estimation without control variables, those would be added. As stated above, control variables can be sets

of variables, which are believed to affect the liquidity or pricing of ETFs. These variables are added step

by step. The control variables may change the results and also how the models react to the addition of

particular sets of control.

Individual ETFs

Another issue that needs to be discussed is the individuality of the ETFs. As for the analysis executed for

the overall dataset and therefore, all 44 Bond ETFs at the same time, the results were occasionally

inconsistent and in contrast to the relevant literature. Even though all ETFs are classified as Bond ETFs,

it could be that the liquidity and prices for the ETFs are influenced by an individual factors. This implies

that it would make no sense to carry out one single regression line. Even the used fixed effects regressions

are too undefined to provide insights about the true relationships of each ETF since the slope is largely

remaining the same. Especially, for the relationship of the calculated liquidity proxies, it was uncommon
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that for the overall ETFs, the correlation was predicted to be negative, but for almost all ETFs a positive

correlation could be analyzed. As stated, in the analysis part, it is more useful to interpret the results for

individual Bond ETFs.

6.3 Critical examination
This sub-section provides a critical discussion about the approached analysis and interpretation of the

results of the conducted analysis. After the critical examination, a short stretch back to the literature review

is provided.

Low frequency for underlying securities

As already explained in the second part of the analysis section, the ETFs liquidity proxies are calculated

based on the underlying securities for which trading information is available. This number of underlying

securities or frequency, as defined in the analysis before, is for some ETFs high and for other ETFs low.

As interpreted before, it is assumed that there is enough trading data for the underlying securities to get

reasonable results, but in specific cases, there are just a few trades for the underlying securities. Therefore,

one idea is to expand the time frame by using trades of one week or one month instead of only trades on

the given day. This adaption would help to smooth the fluctuations and have more meaningful proxies to

conduct the analysis with. However, these would reduce the number of observation days and therefore,

reduce the basis for the analysis.

Too small time horizon

In addition to the number of observations, the observation period covers just one and a half years. This

again is a limitation in the data, because it was just not possible to gather data for a longer observation

period. The observed time horizon could be just too little to conduct a meaningful analysis. Therefore, it

is for instance not possible to find information about seasonality within the ETFs. Another note, when

changing the frequency to monthly observations for the overall dataset are probably still enough data

points available, but for an analysis for the individual ETFs cover the monthly observations just 17 data

points. This displays probably too little observations to gather significant insights.

How is the actual net flow? Is it somehow correlated with the movements?

An ETF could be traded for several reasons. It depends on, if market makers have to massively buy

because of the creation of ETFs or if they are trading because there is a possible profit that can be

generated. One variable which is included in the data of ETF Global is the net fund flow that states the

actual net trading volume. The fund flow states, how often fund managers are trading. If the monthly fund

flow, is equal to zero, it could be for several reasons. On the one hand, there are no issues of new shares

and on the other hand, due to an increase in the demand of shares, more shares are issued. This is
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happening at the same time with the trading of underlying securities to actual change the number of shares.

The investors are selling underlying securities in order to get cash to buy the demanded ETFs. Broman &

Shum (2018) research these drivers of fund flow in their paper using three definitions of liquidity and they

find, “that relative liquidity predicts net fund flows, as well as inflows and outflows positively and

significantly” (p.87). Contrary to their findings, however, it should be noted that from the variable net

flow it is not possible to gather information about the actual inflow and outflow of ETFs. Therefore, it

cannot be analyzed if a net flow of zero is actually based on non-trading in the market or the equality of

inflow and outflow. While the second is probably more improbable.

Analyzing the distribution of the variable fund flow shows that for 90 percent of daily observations the

actual trading is zero. The other days are either negative or positive net flow. But most of them are located

in the area close to zero.

What causes what?

Another critical aspect that needs to be discussed is the overall assumption of the thesis. The thesis

assumes that the underlying securities affect the liquidity of the ETF. But what if it is actually the other

way around and that the movements in underlying securities are driven by the fact that they are included

in an ETF. Dannhauser (2017) published a paper that tests if there is an influence of the liquidity of the

bonds when they are integrated in an ETF. A similar approach is done Agarwal et al. (2017) who published

the paper called Do ETFs Increase the Commonality in Liquidity of Underlying Stocks?. Both research

come to the conclusion that there is an effect on the liquidity of the underlying assets when they are part

of an ETF basket. In addition, Nam (2017) finds “that in contrast to the stock market, the inception of

corporate Bond ETFs improves the liquidity of the underlying bond” (p.1).

Therefore, the important question is, what liquidity is predictable? Can we actually predict the liquidity

of an ETF or is the ETF liquidity determined without any influence of the underlying securities? For sure,

there are different results between bonds and stocks. Therefore, in the next subsection a possible short

explanation is offered to the question if there can be a difference between a Bond ETF and a stock ETF

with the given dataset.

Is there a difference to an Equity ETF?

Another question that needs to be discussed is if there is actually a significant difference in the liquidity

of a Bond ETF compared to an ETF which contains mostly stocks. In the dataset provided from ETF

Global are several kinds of ETFs given. However, regarding the fact that TRACE is an engine for fixed

income securities, trading data for stocks was not accessible. Therefore, it was not possible to calculate

the liquidity proxies based on these underlying securities. Nevertheless, it is still possible to compare the
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actual bid-ask spread of these ETFs to see if there can be seen a difference in the liquidity of the ETFs

already.

7 Further Research
In this section, possibilities for further approaches and research are given. However, one needs to be aware

that these possibilities are depending on the data available.

More liquidity proxies

Based on the availability of data, the complexity of the analysis and the limited time horizon it was not

possible to extend the analysis in this master thesis with more liquidity proxies. However, there are more

than the two liquidity measures which can be used to identify liquidity of ETFs and their underlying

securities.

The following individual liquidity proxies have been implemented in the paper of Dick-Nielsen et al.

(2012). The Roll Price Reversal measure (1984) is an implicit measure of the effective bid-ask spreads in

an efficient market. The spread can be measured by 2√−  , where the cov is defined as the first-order

serial covariance of price changes. It takes advantage of the fact that buy and sell orders come in randomly

and force prices to jump between buy and sell quotes.

Another liquidity measure is the Imputed Roundtrip Costs (IRC), which is defined by the following

equation:

=
( − )

It is a measure of transaction costs based on the Imputed Roundtrip Trades (IRT). An IRT is defined when

there are “two or three days a given bond with the same trade size, which takes place on the same day and

there are no other trades with the same size on that day” (Dick-Nielsen et al., 2012, p.487). The variable

Pmax defines the largest price in the IRT, while Pmin is the smallest price.

The quarterly turnover of bonds is another measure of liquidity. The turnover rate is calculated by dividing

the total trading volume at time t by the number of outstanding shares. The inverse of the turnover is

therefore interpreted as the average holding time of the bond. It is a widely used proxy for liquidity as an

intuitive measure, as it simply states how many times outstanding equity switched hands during a period.

Additionally, the bond zero-trading days is calculated as a percent of days during a quarter where the bond

did not trade. Hereby, it is easy to identify that a low percent indicates illiquidity of the bond.
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Dick-Nielsen et al. (2012) state that not just the current level, but also the future levels of liquidity are

considered by an investor. This implies the variability of Amihud and Imputed Roundtrip Costs play a

role for liquidity spreads and are included in the regression.

More trading information on underlying securities

As already stated in section 6.1 having more trading information of underlying securities available would

give the possibility to avoid rescaling of weights. Trading information of the entire number of the

underlying would represent the real liquidity based on the weights of the underlying securities and is,

therefore, suggested as a further research approach.

Comparison with other exposure groups

In section 4.2.2 it was explained that the main focus of this thesis is on the exposure of the investment

grade. This focus was chosen based on the fact that there was already a clear difference in the share of

corporate and share of frequently traded bonds compared to other exposures, as for these exposures were

the most observations. However, with the possibility to increase the number of ETFs it could be analyzed

how the liquidity conducts in other exposure groups. Another analysis could be if there is more

consistency in the findings of other exposure groups.

8 Conclusion
The main purpose of this thesis was to analyze, whether the liquidity of the underlying securities is

influencing the liquidity of the ETFs and if the liquidity of the underlying securities can be used for

predicting the price of the ETF.

The thesis started with a quick introduction about the motivation of the topic. ETFs, in general, are one

of the fastest-growing asset classes of recent investments since investors explore ETFs as a valuable

source of liquidity. High growth was especially observed in Bond ETFs. As the name states Bond ETFs

are exchange-traded funds where the majority of underlying securities is invested in bonds. These Bond

ETFs are of interest, as they induce their illiquid underlying securities to become more liquid and, as

Amihud and Mendelson (1991) stress, liquidity is one of the most important factors, as liquidity moves

the markets.

Based on the results determined, it was possible to find, that an ETF with an increased share of non-

corporate assets shows higher liquidity. This was justified by the illiquidity of corporate assets

(Chakravarty & Sarkar, 1999). The same was analyzed for the share of non-frequently traded corporates.

A higher share of non-frequently traded bonds implies a higher bid-ask spread, which is identifying the
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ETF as more illiquid.  This was reasoned by the fact that ETFs’ liquidity is dependent on the liquidity of

the underlying securities (Vanguard Asset Management, 2005).

Thereafter, the approach of Ben-David et al. (2018) was replicated using the considered data. Two

liquidity proxies – the bid-ask spread and the Amihud measure – have been calculated based on the trading

data of TRACE for the underlying securities and the methodology of Dick-Nielsen et al. (2012). When

comparing these liquidity proxies to the liquidity proxies of the ETF itself, it was found that the ETFs can

be identified as more liquid than their underlying securities. From here it was in certain cases possible to

conclude that the liquidity of the underlying securities has been identified as useful predictors for the

liquidity of the ETF.

The empirical evidence from Madhavan (2016) identifies the NAV of the ETF, which is determined by

its basket of securities, as another expressive indicator of liquidity. This insight led to the approach of

modelling the price of an ETF related to the liquidity of its underlying securities. The aim was to find out

how much liquidity matters for the pricing of an ETF. However, in that part of the analysis, it was not

possible to find a trend that higher liquidity would increase the price, as Amihud (1986) found for assets.

The reason for this might be that the price of an ETF is influenced by many other factors, e.g. market

conditions, credit ratings, risk, and maturity of the underlying securities. Using solely liquidity as an

explanatory factor for explaining the price of the ETF is not sufficient (Achert & Tian, 2008).

The liquidity in the market will always be an important factor and the market for ETFs appears to remain

in steady growth and should reach USD 7.6 trillion by the end of 2020 (Ernst and Young, 2017). The final

remark of this thesis is that the combination of the two facts just mentioned continues to make the research

in this industry interesting and relevant.
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A. Some insights into the TRACE data

About the underlying securities and the TRACE data

In the following, a rough analysis of the underlying securities for the relevant ETF is conducted. In total

the dataset contains around 24 thousand observations. Among these observations are for 8523 unique

underlying securities TRACE data available. The most represented underlying security is the bond with

the CUISP ID 161175AY0 with around 8800 observations in the dataset. For this security are 348

registered trading information registered in TRACE. Around 18 million observations are part of ETFs on

a date with relevant weight conditions.

The most underlying securities has the ETF Ticker VTC on the 31st of July 2018. With around 23.440

underlying securities VTC seems like an outlier in the dataset on that date. Nevertheless, VTC contains

with the number of constituents usually in the range between 4,500 and 8000 the most underlying

securities. The average number of components underlying an ETF is around 450.

B. Empirical Methodology5

Table B.10 - F-test: Share of corporate assets – Region

Region Global North America

Variance 0.0004827806 0.002338268

Observations 4 48

alternative hypothesis: true ratio of variance is not equal to 1

df 1098

denom df 14953

F-value 0.20647

p-value < 2.2e-16***

Ratio of variances 0.2064694

5 Significance level for interpretation of results:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Table B.11 - Welch Two Sample t-test: Share of corporate assets - Region

Region Global North America

Mean 0.9576380 0.9342379

Variance 0.0004827806 0.002338268

Observations 4 48

alternative hypothesis: true difference in means is not equal to 0

df 2000.2

t-value 30.319

p-value < 2.2e-16***

Table B.12 - F-test: Share of frequently traded bond weight – Region

Region Global North America

Variance 0.009635514 0.01271296

Observations 4 48

alternative hypothesis: true ratio of variance is not equal to 1

df 1104

denom df 16046

F-value 0.75793

p-value 1.542e-09***

Ratio of variances 0.7579282

Table B.13 - Welch Two Sample t-test: Share of frequently traded bond weight - Region

Region Global North America

Mean 0.6617693 0.6283078

Variance 0.009635514 0.01271296

Observations 4 48

alternative hypothesis: true difference in means is not equal to 0

df 1313

t-value 10.849

p-value < 2.2e-16***
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Table B.14 - F-test: Share of corporate assets – Focus

Focus High Yield Investment Grade

Variance 0.001552645 0.002383632

Observations 4 44

alternative hypothesis: true ratio of variance is not equal to 1

df 953

denom df 14953

F-value 0.66402

p-value 3.483e-16 ***

Ratio of variances 0.6640151

Table B.15 - Welch Two Sample t-test: Share of corporate assets - Focus

Focus High Yield Investment Grade

Mean 0.9296123 0.9345952

Variance 0.001552645 0.002383632

Observations 4 44

alternative hypothesis: true difference in means is not equal to 0

df 1162.1

t-value -3.7162

p-value 0.0002118***

Table B.16 - F-test: Share of frequently traded bond weight – Focus

Focus High Yield Investment Grade

Variance 0.007420013 0.0127441

Observations 4 44

alternative hypothesis: true ratio of variance is not equal to 1

df 14744

denom df 16046

F-value 0.20647

p-value 0.8793

Ratio of variances 1.002449
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Table B.17 - Two Sample t-test: Share of frequently traded bond weight - Focus

Focus High Yield Investment Grade

Mean 0.5741909 0.6338664

Variance 0.0004827806 0.002338268

Observations 4 44

alternative hypothesis: true difference in means is not equal to 0

df 15876

t-value -17.408

p-value < 2.2e-16***

Table B.18 - Summary Statistics: Number of underlying securities

Min 1st Qu. Median Mean 3rd Qu. Max.

48.0 225.0 343.0 581.8 499.0 3772.8

Figure B.27 - Boxplot: Number of underlying securities
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C. Analysis Results6

a. Analysis on the underlying basket of the ETFs

i. Liquidity and the share of non-corporate assets

Table C.19 - OLS Regression: Liquidity and non-corporate assets

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.0045644 0.0001232 37.037 < 2e-16 ***

xi,t -0.0086327 0.0015598 -5.534 3.19e-08 ***

R-squared 0.002592

F-statistic 30.63 3.189e-08

Table C.20 - Fixed Effects + Heteroscedasticity: Liquidity and non-corporate assets

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.0169805 0.0018002 -9.4324 < 2.2e-16 ***

R-squared 0.0075

F-statistic 88.9705 < 2.22e-16

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.0169805 0.0085992 -1.9747 0.04833 *

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.0169805 0.0085992 -1.9747 0.04833*

Table C.21 - Monthly data (mean): Liquidity and non-corporate assets

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.0052728 0.0004142 12.731 < 2e-16 ***

xi,t -0.0151353 0.0053058 -2.853 0.00449 **

R-squared 0.01351

F-statistic 8.137 0.004487

6 Significance level for interpretation of results:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.022338 0.005125 -4.3587 1.56E-05***

R-squared 0.032984

F-statistic 18.9985 1.5582e-05

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.022338 0.013175 -1.6955 0.09054 .

Table C.22 - Monthly data (median): Liquidity and non-corporate assets

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.0041108 0.0003852 10.672 <2e-16***

xi,t -0.0128274 0.0048508 -2.644 0.0084**

R-squared 0.01164

F-statistic 6.993 0.0084

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.0179327 0.0048431 -3.7028 0.0002345***

R-squared 0.024024

F-statistic 13.7105 0.00023448

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

xi,t -0.017933 0.011358 -1.5788 0.1149
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Table C.23 - ETF SUSC: Liquidity and non-corporate assets

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.02966 0.00125 23.73 <2e-16***

xi,t -0.33213 0.02538 -13.09 <2e-16***

R-squared 0.3899

F-statistic 171.3 < 2.2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

(Intercept) 0.0296616 0.0014581 20.343 < 2.2e-16***

xi,t -0.3321265 0.0215695 -15.398 < 2.2e-16***

ii. Liquidity and the share of non-frequently traded bonds

Table C.24 - OLS Regression: Liquidity and non-frequently traded bonds

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.0004061 0.00027 1.504 0.133

zi,t 0.0117986 0.0008713 13.542 <2e-16***

R-squared 0.01538

F-statistic 183.4 <2e-16

Table C.25 - Fixed Effects + Heteroscedasticity: Liquidity and non-frequently traded bonds

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.0063789 0.00094061 6.7817 1.25e-11***

R-squared 0.0039148

F-statistic 45.9909 1.2452e-11

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.0063789 0.0031209 2.0439 0.04098*
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Table C.26 - Monthly data (mean) - Liquidity and non-frequently traded bonds

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) -0.005049 0.001176 -4.294 2.07e-05***

zi,t 0.031039 0.003811 8.143 2.49e-15***

R-squared 0.1055

F-statistic 66.32 2.492e-15

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.0179604 0.0045189 3.9745 8.04e-05***

R-squared 0.02921

F-statistic 15.7966 8.04e-05

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.01796 0.013681 1.3128 0.1898

Table C.27 - Monthly data (median) - Liquidity and non-frequently traded bonds

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) -0.005849 0.001107 -5.284 1.81e-07***

zi,t 0.031124 0.003655 8.515 2.00e-16***

R-squared 0.1143

F-statistic 72.51 2.2e-16

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.0165812 0.0045839 3.6173 0.0003265***

R-squared 0.024317

F-statistic 13.0847 0.00032648

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

zi,t 0.016581 0.014768 1.1228 0.262
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Table C.28 – Share of non-frequently traded bonds, ETF IIGD

Min 1st Qu. Median Mean 3rd Qu. Max.

0.1459 0.1849 0.2305 0.2272 0.2593 0.3739

Table C.29 - Share of non-frequently traded bonds, ETF SUSC

Min 1st Qu. Median Mean 3rd Qu. Max.

0.1698 0.4124 0.4662 0.4528 0.5134 0.6229

Figure C.28 - Development of share of non-frequently traded bonds, ETF IIGD
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Figure C.30 - Boxplots, ETF IIGD and ETF SUSC

Figure C.29 - Development of share of non-frequently traded bonds, ETF SUSC
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Table C.30 - Two Sample t-test: Share of non-frequently traded bonds

ETF SUSC IIGD

Mean 0.4528196 0.2272353

Variance 0.00931858 0.002309941

Observations 319 61

alternative hypothesis: true difference in means is greater than  0

df 169.27

t-value 27.543

p-value < 2.2e-16***

Table C.31 - Two Sample t-test: Bid-Ask Spread

ETF SUSC IIGD

Mean 0.016268456 0.002039179

Variance 0.0002242847 1.292649e-08

Observations 319 61

alternative hypothesis: true difference in means is not equal to 0

df 268.59

t-value 15.575

p-value < 2.2e-16***

Table C.32 - Summary Statistics, ETF SUSB

Min 1st Qu. Median Mean 3rd Qu. Max.

0.1821 0.351 0.4032 0.4177 0.4751 0.6229
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Table C.33 - Two Sample t-test: Share of non-frequently traded bonds

ETF SUSB IIGD

Mean 0.4177388 0.2272353

Variance 0.008568566 0.002309941

Observations 320 61

alternative hypothesis: true difference in means is greater than  0

df 159.82

t-value 23.694

p-value < 2.2e-16***

Table C.34 - Two Sample t-test: Bid-Ask Spread

ETF SUSB IIGD

Mean 0.012285459 0.002039179

Variance 0.0001869082 1.292649e-08

Observations 320 61

alternative hypothesis: true difference in means is not equal to 0

df 278.76

t-value 12.51

p-value < 2.2e-16***

Table C.35 - Summary Statistics, ETF SKOR

Min 1st Qu. Median Mean 3rd Qu. Max.

0.1459 0.1972 0.2245 0.2328 0.26 0.5733
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Table C.36 - Two Sample t-test: Share of non-frequently traded bonds

ETF SUSC SKOR

Mean 0.4528196 0.2328439

Variance 0.00931858 0.002851136

Observations 319 378

alternative hypothesis: true difference in means is greater than  0

df 499.52

t-value 35.467

p-value < 2.2e-16***

Table C.37 - Two Sample t-test: Bid-Ask Spread

ETF SUSC SKOR

Mean 0.016268456 0.00418916

Variance 0.0002242847 1.951985e-05

Observations 319 378

alternative hypothesis: true difference in means is greater than  0

df 307.15

t-value 12.771

p-value < 2.2e-16***
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Table C.38 - Two Sample t-test: Share of non-frequently traded bonds

ETF SUSB SKOR

Mean 0.4177388 0.2328439

Variance 0.008568566 0.002851136

Observations 320 378

alternative hypothesis: true difference in means is greater than  0

df 513.87

t-value 30.801

p-value < 2.2e-16***

Figure C.31 - Development of Bid-Ask Spread,, ETF SKOR
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Table C.39 - Two Sample t-test: Share of non-frequently traded bonds

ETF SUSB SKOR

Mean 0.012285459 0.00418916

Variance 0.0001869082 1.951985e-05

Observations 320 378

alternative hypothesis: true difference in means is greater than  0

df 328.41

t-value 9.4713

p-value < 2.2e-16***

b. Liquidity Proxies and Correlation

i. Bid-Ask Spread

Table C.40 - Summary Statistics True Bid- Ask Spread

Min 1st Qu. Median Mean 3rd Qu. Max.

0.0001 0.0006 0.0017 0.0037 0.0033 0.0398

Figure C.32 - True Bid - Ask spread over time, Boxplots
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Table C.41 - Summary Statistics Bid- Ask Spread based on underlying securities

Min 1st Qu. Median Mean 3rd Qu. Max.

0.03148 0.0517 0.06288 0.07984 0.08497 0.44359

Table C.42 - Paired t-test: Bid - Ask Spreads

Bid – Ask Spread

Mean of the difference 0.07640063

Observations 12923

alternative hypothesis: true difference in means is greater than  0

df 12497

t-value 145.18

p-value < 2.2e-16***

Figure C.33 - True Bid - Ask spread over time, Boxplots
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Table C.43 - Paired t-test: Bid - Ask Spreads, ETF IBDM

Bid – Ask Spread

Mean of the difference 0.06563744

Observations 380

2

df 377

t-value 76.764

p-value < 2.2e-16***

Can the calculated bid-ask spread predict the actual bid-ask spread?

Table C.44 - OLS Regression : Bid-Ask Spreads

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 4.32e-03 9.60e-05 45.005 < 2e-16***

qi,t -7.85e-03 9.70e-04 -8.093 6.38e-16***

R-squared 0.005213

F-statistic 65.49 6.382e-16

Table C.45 - Fixed Effect and Heteroscedasticity: Bid-Ask Spreads

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t 0.0039482 0.0015789 2.5006 0.01241

R-squared 0.00050162

F-statistic 6.25284 0.012412

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t 0.0039482 0.0011888 3.3211 0.0008993***
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Table C.46 - Monthly data (mean): Bid-Ask Spreads

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.004785 0.000376 12.725 2.00e-16***

qi,t -0.010345 0.003933 -2.631 0.00873**

R-squared 0.01116

F-statistic 6.921 0.008734

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t 0.0070862 0.0069039 1.0264 0.3051

R-squared 0.0018256

F-statistic 1.0535 0.30513

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t 0.0070862 0.0029746 2.3822 0.01753*

Table C.47 - ETF IBDM: Bid-Ask Spreads

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 0.0014803 0.0009575 1.546 0.123

qi,t 0.0157945 0.013657 1.157 0.248

R-squared 0.003545

F-statistic 1.338 0.2482
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ii. Amihud Measure

Figure C.34 – Outliers: Amihud Measure based on underlying securities

Table C.48 - Summary Statitiscs Amihud Measure based on the underlying securities

Min 1st Qu. Median Mean 3rd Qu. Max.

0.0008768 0.1429918 0.1846725 0.18646 0.2242793 0.4964333
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Table C.49 - Summary Statitiscs adjusted Amihud Measure (ETF level)

Min 1st Qu. Median Mean 3rd Qu. Max.

0 0.0003319 0.0007651 0.0010932 0.0015513 0.0099167

Figure C.35 – Amihud measure based on underlying securities + Boxplot

Figure C.36 - Adjusted Amihud Measure + Boxplot
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Table C.50 - Paired t-test: Amihud Measure

Amihud Measure

Mean of the difference 0.1853669

Observations 12334

alternative hypothesis: true difference in means is greater than  0

df 12333

t-value 354.97

p-value < 2.2e-16

Table C.51 - Paired t-test: Amihud Measure, ETF IBDM

Amihud Measure

Mean of the difference 0.1699526

Observations 373

alternative hypothesis: true difference in means is greater than  0

df 372

t-value 80.516

p-value < 2.2e-16

Can the calculated Amihud measure predict the adjusted Amihud spread?

Figure C.37 - Relationship of Amihud Measures
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Table C.52 - OLS Regression Amihud Measures

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) -1.68e-04 3.52e-05 -4.768 1.89e-06***

ci,t 6.76e-03 1.80e-04 37.544 < 2e-16***

R-squared 0.1026

F-statistic 1410 < 2e-16

Table C.53 – Fixed effects and Hetreoscedasticity: Amihud Measures

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 0.0039482 0.0015789 2.5006 0.01241

R-squared 0.0026309

F-statistic 32.4317 1.2629e-08

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 0.00147319 0.00025869 5.6949 1.26e-08***

Table C.54 – Monthly data (mean): Amihud Measures

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) -7.50e-04 6.28e-05 -11.94 <2e-16

ci,t 9.89e-03 3.27e-04 30.25 <2e-16

R-squared 0.6044

F-statistic 915.3 < 2.00e-16

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 12.9264 2.5931 4.9849 8.27e-07 ***

R-squared 0.042343

F-statistic 24.8492 8.2696e-07
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Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 12.9264 3.7482 3.4487 0.0006054 ***

Table C.55 – ETF IBDC: Amihud Measures

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) -9.17e-05 9.46e-05 -0.969 0.347025

ci,t 3.07e-03 6.72e-04 4.575 0.000312

R-squared 0.556

F-statistic 20.93 0.0003116

iii. Correlation

Figure C.38 – Correlation:  Bid-Ask Spread and Amihud Measure
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Figure C.39 – Correlation, ETF IBDM

Figure C.40 – Correlation, ETF LQD
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i. Quant Liquidity

Table C.56 – Quant Liquidity Measure

Average Quant Liquidity (X) ETFs

X = 7.5 1

5 < X < 7.5 7

X = 5 30

c. Liquidity Proxies and the NAV

i. Bid-Ask Spread

Table C.57 – OLS regression: NAV and Bid-Ask Spread

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 42.9269 0.4558 94.18 <2e-16***

qi,t -93.7115 5.258 -17.82 <2e-16***

R-squared 24.64

F-statistic 317.6 < 2e-16

Table C.58 – Fixed Effects and heteroscedasticity: NAV and Bid-Ask Spread

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.29033 0.33254 -3.8803 0.0001049***

R-squared 0.0012368

F-statistic 15.0565 0.00010489

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.29033 0.68391 -1.8867 0.05922.
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Table C.59 – Monthly data (mean): NAV and Bid-Ask Spread

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 42.984 1.967 21.858 2.00e-16***

qi,t -94.887 21.823 -4.348 1.61e-05***

R-squared 0.0306

F-statistic 18.91 1.61e-05

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.7509 1.7702 -0.9891 0.323

R-squared 0.0017377

F-statistic 0.97829 0.32305

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.7509 1.0836 -1.6158 0.1067

Figure C.41 – Visualization: NAV and the Bid-Ask Spread
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Figure C.42 - Visualization: NAV and the Bid-Ask Spread, ETF BSCJ

Table C.60 – ETF BSCJ: NAV and the Bid-Ask Spread

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 21.276481 0.008772 2425.58 <2e-16***

qi,t -1.371738 0.057285 -23.95 <2e-16***

R-squared 0.6078

F-statistic 573.4 < 2.2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 21.276481 0.017889 1189.387 2.20e-16***

qi,t -1.371738 0.133188 -10.299 2.20e-16***
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Figure C.43 - Visualization: NAV and the Bid-Ask Spread, ETF IBDR

Table C.61 - ETF IBDR: NAV and the Bid-Ask Spread

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 21.6571 0.1981 109.32 <2e-16 ***

qi,t 50.7539 4.496 11.29 <2e-16 ***

R-squared 0.6078

F-statistic 573.4 < 2.2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 21.6572 0.1719 125.987 <2e-16 ***

qi,t 50.7539 3.8137 13.308 <2e-16 ***

ii. Amihud Measure

Table C.62 - OLS regression: NAV and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 25.5847 0.7637 33.5 <2e-16***

ci,t 54.7133 3.8938 14.05 <2e-16***

R-squared 0.01593

F-statistic 197.4 < 2e-16
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Table C.63 - Fixed Effects and heteroscedasticity: NAV and the Amihud Measure

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 2.903 0.19818 14.648 <2e-16***

R-squared 0.01734

F-statistic 214.562 < 2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 2.903 0.58817 4.9357 8.09e-07***

Table C.64 - Monthly data (mean): NAV and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 19.499 4.084 4.774 2.27e-06***

ci,t 86.507 21.267 4.068 5.38e-05***

R-squared 0.02688

F-statistic 16.55 5.384e-05

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 13.2725 1.9302 6.8761 1.64e-11***

R-squared 0.0077601

F-statistic 47.2805 1.6424e-11

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

ci,t 13.2725 2.8173 4.711 3.11e-06***
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Figure C.44 - Visualization: NAV and the Amihud Measure, ETF BSCR

Table C.65 - ETF BSCR: NAV and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 19.7638 0.1003 196.965 < 2e-16***

ci,t -2.0098 0.4444 -4.522 9.23e-06***

R-squared 0.07165

F-statistic 20.45 9.231e-06

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 19.76378 0.10121 195.2807 2.20e-16***

ci,t -2.00983 0.43277 -4.6441 5.38e-06***
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Figure C.45 - Visualization: NAV and the Amihud Measure, ETF IBDC

Table C.66 - ETF IBDC: NAV and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 25.7987 0.0281 917.95 < 2e-16***

ci,t 1.6633 0.1948 8.54 3.51e-16***

R-squared 0.556

F-statistic 20.93 0.0003116

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 25.798684 0.024015 1074.296 <2e-16 ***

ci,t 1.663338 0.166157 10.011 <2e-16 ***

iii. Multiple regression

Table C.67 -  OLS Regression: NAV, Bid-Ask Spread and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 36.434 1.153 31.599 2.00e-16***

qi,t -75.449 6.037 -12.498 2.00e-16***

ci,t 27.268 4.449 6.129 9.11e-10***

R-squared 0.02838

F-statistic 178.1 < 2e-16
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Table C.68 - Fixed Effects and heteroscedasticity: NAV, Bid-Ask Spread and the Amihud Measure

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.45699 0.32979 -4.418 1.01e-05***

ci,t 2.93289 0.19815 14.801 2.20e-16***

R-squared 0.018915

F-statistic 117.204 < 2.22e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -1.45699 0.75732 -1.9239 0.05439.

ci,t 2.93289 0.59197 4.9544 7.35e-07***

Table C.69 – Monthly data (mean): NAV, Bid-Ask Spread and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 32.532 7.403 4.395 1.31e-05***

qi,t -63.977 30.344 -2.108 0.0354*

ci,t 43.226 29.515 1.465 0.1436

R-squared 0.03406

F-statistic 10.54 3.163e-05

Fixed Effects

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -0.0039318 1.722411 -0.0023 0.9982

ci,t 13.2718118 1.9538607 6.7926 2.82e-11***

R-squared 0.077601

F-statistic 23.5982 1.4447e-10

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

qi,t -0.0039318 1.1040107 -0.0036 0.9972

ci,t 13.2718118 2.9030439 4.5717 5.96e-06***
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Table C.70 - ETF IBDK: NAV, Bid-Ask Spread and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 25.04996 0.01891 1324.571 <2e-16***

qi,t -0.07708 0.11227 -0.687 0.493

ci,t -1.53902 0.06397 -24.058 <2e-16***

R-squared 0.6359

F-statistic 323.9 2.2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 25.049961 0.01695 1477.9055 <2e-16***

qi,t -0.077081 0.147744 -0.5217 0.6022

ci,t -1.539016 0.132047 -11.655 <2e-16***

Table C.71 - ETF PFIG: NAV, Bid-Ask Spread and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 24.2871 0.1454 167.009 2.00e-16***

qi,t 2.339 0.7022 3.331 0.000952***

ci,t 5.3796 1.2908 4.168 3.84e-05***

R-squared 0.09998

F-statistic 20.49 3.63e-09

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 24.2871 0.2369 102.5197 2.20e-16***

qi,t 2.339 1.0348 2.2603 0.02439*

ci,t 5.3796 2.7235 1.9752 0.04899*
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Table C.72 - ETF IBDC: NAV, Bid-Ask Spread and the Amihud Measure

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 26.37227 0.02596 1015.706 2.00e-16***

qi,t 0.66716 0.11606 5.748 1.89e-08***

ci,t -3.83046 0.13687 -27.986 2.00e-16***

R-squared 0.7319

F-statistic 505 2-2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 26.372269 0.037337 706.3226 <2e-16 ***

qi,t 0.667158 0.146699 4.5478 7.36e-06***

ci,t -3.830462 0.176466 -21.7065 <2e-16 ***

iv. Actual Bid-Ask Spread

Table C.73 – OLS: NAV and the actual Bid – Ask Spread

Coefficients Estimate Std. Error t value P (>|t|)

(Intercept) 37.2362 0.2563 145.3 <2e-16***

ci,t -349.7395 28.4348 -12.3 <2e-16***

R-squared 0.01263

F-statistic 151.3 <2.2e-16

Heteroscedasticity

Coefficient Estimate Std. Error t value P (>|t|)

Intercept 37.23621 0.27794 133.974 <2e-16 ***

ci,t -349.73952 31.06438 -11.258 <2e-16 ***


