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Abstract

The stated objectives of most market regulators are to ensure the fair and efficient
operation of capital markets. In this dissertation, the focus is on the latter regulatory
objective. We define market efficiency as minimising transaction costs while
maximising price discovery and assess the efficiency effects of 3 Australian Securities
Exchange (ASX) market design initiatives.

The first essay examines the effect of the broker anonymity rule on trading patterns.
We find that following the introduction of broker anonymity, the price discovery
process is inhibited as information asymmetry levels increase. We also determine that
the need for stealth trading, identified by Frino et al. (2010 b), is reduced.

The second essay assesses the market efficiency effects of the Equity Research
Scheme. Consistent with the prior literature, we find the stocks exhibit greater
informational efficiency as a result of the Scheme. In addition to increased price
discovery, we find positive liquidity and price reaction effects.

The third essay examines the liquidity and profitability effects of the ETF Marker
Making Scheme. Hence, we support the fact that the scheme was effective in
decreasing the bid-ask spread and increasing depth for selected stocks. Further
analysis shows that market makers are net suppliers of liquidity; however, they are

willing to sacrifice liquidity profits to make position-taking gains.
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Chapter 1: Introduction

An exchange is a marketplace designed for investors to buy and sell financial
instruments. The primary market of a stock exchange provides the platform for firms,
governments and other associations to raise capital from the investing public. The
secondary market allows investors and other market participants to trade these
securities via a centralised service. The principal purpose of the secondary market is to
ensure non-discriminatory and orderly trading as well as the efficient dissemination of
price information. This can be summarised through the specified objectives of most
market regulators, which is to ensure the fair and efficient operation of capital
markets. In this thesis, we focus upon the latter regulatory objective. We define
efficient markets as those which minimize transaction costs while maximizing price

discovery.

Globally, the past decade has seen numerous exchange evolvements in the quest for
optimal market design. These changes have generally lead to increased competition
and are often driven by technological advancements. Exchange markets have moved
to more effective structures incrementally through experimentation. This dissertation
addresses the market efficiency impact of three Australian Securities Exchange (ASX)
market design initiatives: the introduction of broker anonymity, the Equity Research

Scheme and the Exchange Traded Fund (ETF) Market Making Scheme.

The ASX was formed in 2006 through a merger between the Australian Stock

Exchange and the Sydney Futures Exchange. Until the introduction of Chi-X Australia



in 2011, the ASX held a virtual monopoly in Australian equities trading. The
Australian Stock Exchange was previously formed in 1987 through the amalgamation
of six state-based exchanges. This process facilitated the introduction of the Stock
Exchange Automated Trading System (SEATS). SEATS are the most widely used
among global exchanges, allowing for a comparison of our results with other markets.
Trading hours range between 10am and 4pm and minimum tick sizes are set according
to share price. Like most major markets, off-market trading is conducted for crossing

and large block trades.

On 28 November 2005, the ASX removed the real-time display of broker identifiers
from their trading screen. Previous to this, market participants could observe the
brokers behind buy and sell transactions via SEATS. As markets across the globe are
moving toward greater anonymity, numerous studies demonstrate that trader
anonymity affects the behaviour of market participants. Earlier research finds that
transparent markets improve liquidity and decrease transaction costs (e.g. Pagano et
al., 1996; Baruch, 2005). More recently, a second school of thought is offered.
Foucault et al. (2007) argue that the compulsory disclosure of broker identification can
increase bid-ask spreads. Testing their theory on Euronext Paris, Foucault et al. (2007)
conclude that broker anonymity leads to improvements in market liquidity as more
aggressive orders narrows the bid-ask spread. Extending the analysis of Foucault et al.
(2007) to include markets in Paris, Tokyo and Korea, Comerton-Forde et al. (2005)

also reach qualitatively consistent conclusions.



Utilising data attained prior to the introduction of anonymity on the ASX, Frino et al.
(2010 b) find a larger permanent price-impact with successive uni-directional trades
when a single broker initiates these rather than by different brokers, consistent with
the hypothesis that broker identity conveys information. The authors state that markets
are more likely to be efficient when broker identities are disclosed. Assessing the
market quality effects of the removal of broker identifiers on the ASX, Comerton-
Forde et al. (2009) document a decline in time-weighted spread and order
aggressiveness and an increase in order book depth. They conclude that broker

anonymity is beneficial in fragmented markets, particularly for larger stocks.

The introduction of anonymity to the ASX combined with the contrasting evidence on
its effects on market efficiency, particularly on the ASX, forms the motivation for
Chapter 2. Applying the methodology employed in Frino et al. (2010 b)!, our findings
suggest that market participants no longer attribute greater information content to
successive uni-directional trades by a single broker compared to successive uni-
directional trades by different brokers following the introduction of anonymity on the
ASX. With successive uni-directional trades by a single broker eliciting less of a
permanent price impact post-anonymity, the price discovery process is inhibited. This
is a striking result as it is in contrast with empirical evidence supporting anonymity
due to observed market efficiency benefits. We also find that need for stealth trading
in a transparent market, identified by Frino et al. (2010 b), is reduced as there is no

difference in the information-content across size categories for buy- and sell-side

1 The methodology is employed with broker identification information that was not available at the
time of the transaction.



transactions. Supplementary to Comerton-Forde et al. (2009), this Chapter contributes
to the existing literature by presenting a more complete picture when assessing the

market quality impact of broker anonymity on the ASX.

As information asymmetry can act as a barrier to market efficiency, there is an
incentive for regulators and exchanges to ensure investors are better-informed.
Financial intermediaries such as stock analysts are relied upon to provide the
information necessary to make an investment decision. As financial analysts publicise
their findings, they lessen the advantage of investors with inside knowledge and
improve the informational efficiency of capital markets (Moyer et al., 1989). Doukas
et al. (2005) find a reduction in information asymmetry following the release of
financial reports. In an attempt to maintain competitiveness and enhance the declining
participation in their market, the ASX introduced a twelve-month trial of the Equity
Research Scheme in July 2012. Under the stipulations of the scheme, analysts are
required to produce financial reports on small and medium-size firms that have either
received no coverage or minimal coverage prior to the scheme.? On 31 July 2013, the
ASX announced a 12-month expansion of ERS. The expansion included increased

funding, participating firms and financial analysts.

2 The ERS stipulates three types of reports, determined by firm size. Firms with a market capitalisation
below $50 million are issued a Company Snapshot including only publicly available information. Firms
with a market capitalisation between $50 million and $200 million are issued a Retail Research Report.
A Retail Research Report may or may not contain a formal recommendation and is a standard retail
research report aimed at retail clients. Finally, companies with market capitalisations between $200
million and $1 billion are issued an Institutional Report. Institutional Report are produced to attract
institutional investors in the hope to expand the business horizons of these companies. We limit our
analysis to firms issued an Institutional Report.



The empirical evidence in support of financial analysts to improve market efficiency
combined with the ASX’s introduction of the ERS forms the motivation of Chapter 3.
The second essay of this dissertation assesses the market efficiency effects of the ERS
and finds that the release of the initiation reports is a significant and informative event
for market participants. Using the price delay measure developed by Hou et al. (2005),
we find that stocks exhibit greater informational efficiency following the introduction
of the ERS. This is consistent with Holden et al. (1992) and Foster et al. (1993). The
improvement in informational efficiency suggests that the ERS has been successful in
improving the lengthier price discovery process that may be expected due to the
staggered release of financial reports adopted in Australia. This can result in a more
prolonged abnormal return structure which is observed when assessing cumulative
abnormal returns over four intervals up to 12 months. Testing this theory, we note that
the ERS was responsible for positive abnormal returns following the release of the
initiation reports. This is consistent with Womack et al. (1996) and Boni et al. (2006).
We also find enhancements in liquidity, namely the time-weighted proportional bid-
ask spread, volume and turnover. This is also consistent with Kyle’s (1985) model
which predicts that market participants become more confident about the ‘true’ value

of the security.

Unlike the majority of the existing literature, Chapter 3 assesses market efficiency
effects of exogenously initiated analyst coverage. The findings extend the literature by
providing evidence in support for exchange and regulator intervention when the levels

of research are low. Through their information-collecting process and engagement



with firms, our research shows that security analysts play a role in reducing the
information asymmetry inherently established between participants with inside
information and those without. As the financial analysts’ reports are distributed, more
investors are better informed and simultaneously, the advantage that insiders have is
significantly reduced. As more investors become informed, asset prices become more
informative and efficient. As a result, the job that security analysts do in reducing

information asymmetry leads to more efficient prices and greater liquidity.

An efficient market minimises transaction costs. Despite their level of information, the
number of market participants actively seeking to buy or sell a security at any
particular moment in time can be quite small (Desmetz, 1968; Garbade et al., 1982).
The primary role of a market maker is to provide immediacy for other investors by
supplying liquidity. On 1 August 2010, The ASX implemented the ETF Market
Making scheme. Interested trading participants were given the choice of entering the
scheme as either an Advanced Market Maker or a Regular Market Maker®. Appendix
1.1 provides the list of relevant ETFs and their assigned market makers. The scheme
grouped ETF’s into a specific quoting schedules, each with its own spread and
quantity requirements. In total, ten quoting schedules were established for equity
ETFs. Details about quoting schedules can be found in Appendix 1.2. The scheme
states that market makers are required to meet the relevant schedule 80% of the time

over a calendar month from 10:15am until commencement of the Pre-CSPA (Closing

3 Advanced Market Makers are contracted to make markets on a tranche of ETF products whereas
Regular Market Makers have the option to pick which products they would like to be appointed to. We
have been advised by the ASX to consider all market makers as Advanced Market Makers.

6



Single Price Auction) Session State (generally 4:00pm) on any trading day. Upon
meeting the ETF requirements, the ASX will rebate all trading and clearing fees. A
table of historical trading fees applicable to our sample period* can be found in
Appendix 1.3. Rebated amounts are dependent on the identity of the other side of each

trade. Appendix 1.4 provides the schedule of fee rebates.

The extant literature generally supports the involvement of market makers to optimise
market efficiency. Support is reasoned due to observed liquidity improvements due to
market makers. The third, and final, research chapter provides an event study to
examine the market efficiency and market maker profitability effects of the ASX’s
ETF Market Making scheme. This study is motivated by three factors. Firstly,
compared to other, more traditional markets, academic analysis of the Australian ETF
industry is limited. This study provides a valuable insight to the efficiency of the
ASX’s ETF market by analysing both spreads and depth. Secondly, by studying the
trades of market makers, we determine whether they are fulfilling their mandated duty
of supplying liquidity. Much of the literature finds that market makers use their
superior order-flow information to make position-taking gains and this may be in
conflict with their obligation to provide liquidity under the scheme. Thirdly, the
introduction of the scheme motivates us to study the market efficiency effects and in

turn offer empirical evidence that contributes to the debate.

The findings of Chapter 4 highlight improvements in the bid-ask spread and depth

across the sample of quoting schedules following the introduction of the scheme.

4 The selected sample period is 1 August 2009 to 31 July 2011. More detail is provided in Section 4.3.

7



While market efficiency benefits associated with the introduction of market makers
has been well-documented, this essay contributes to the existing literature by
providing support for market makers in ETF markets specifically. Using trade data
that identifies each market maker, we find that our sample of market makers are net
suppliers of liquidity and set the spread to earn profits 83% of the time after the
introduction of the scheme. However, when studying the interaction between liquidity
and position-taking profitability, we find that market makers make positive position-
taking gains 75% of time when liquidity losses are incurred. This finding is consistent
with Copeland et al. (1983), who identifies an inverse relationship between a market
makers liquidity and position-taking profitability. We also find no significant change
in liquidity or position-taking profitability for market makers after the introduction of
the scheme, suggesting that the liquidity improvements are not at the expense of other

mnvestors.

The rest of the dissertation is organised as follows. Chapter 3 examines the impact of
broker anonymity on the ASX. Chapter 4 evaluates the effect of the ERS. Chapter 5
explores the ASX’s ETF market making scheme. Chapter 6 provides concluding

remarks.



Appendix 1.1

Appendix — Chapter 1

Exchange Traded Funds - Equity

Market Maker

ASX
ETF
Code

Susquehanna
Pacific

Citigroup
Global
Markets
Australia

Deutsche
Securities
IMC Pacific Australia

Optiver
Australia

UBS
Securities
Australia

DGA

X

EEU

ENY

FIN

FIX

IAA

IBK

IDD

IEM

IEU

IHD

IHK

1P

R

IKO

ILC

100

10Z

IRU

ISG

ISO

ITw

IVE

IVV

IXI

IXJ

177

MAM

X [ X | X | X | X | X | X |X |[X [X [X [X |X |X |X |X |[X |X [X [X [X [X |[X|X|X|X|[X

X [X | X | X | X | X | X |X |X [X [X |[X |X | X |X |X |X |[X [X [X [X |[X |[X|X|X|X




OZF
OZR
POU

QRE
QFN

RDV

RVL
RSR
SFY
SLF

SSO
STW

SYI

usbD
VAP
VAS
VEU

VHY
VLC
VSO

VTS
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Appendix 1.2

Quoting Schedules for Equity ETFs

Schedule 1
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
$5< 2c $50,000 worth of stock
>S5 40 bps of best bid $50,000 worth of stock
Schedule 2
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
$5< 3c $30,000 worth of stock
>S5 60 bps of best bid $30,000 worth of stock
Schedule 3
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
$5< 5¢ $25,000 worth of stock
>$5 1% of best bid $25,000 worth of stock
Schedule 4
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
S5< 7c $20,000 worth of stock
>$5 1.5% of best bid $20,000 worth of stock
Schedule 5
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
S5< 10c $17,500 worth of stock
>$5 2% of best bid $17,500 worth of stock
Schedule 6
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
S5< 12c¢ $15,000 worth of stock
>$5 2.5% of best bid $15,000 worth of stock
Schedule 7
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
S5< 17¢ $12,500 worth of stock
>$5 3.5% of best bid $12,500 worth of stock
Schedule 8
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
$5< 25¢ $10,000 worth of stock
>S5 5% of best bid $10,000 worth of stock
Schedule 9
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
S5< 37c $7,500 worth of stock

11




>S5

7.5% of best bid

|

$7,500 worth of stock

Schedule 10
Bid Price in SAUD for Shares Maximum Spread Minimum Quantity
$5< 50c $5,000 worth of stock
>S5 10% of best bid $5,000 worth of stock

12




Appendix 1.3

Trading Fees

Type of Trade ‘ Trade Fee (bps, paid monthly)
1July 2010 - 1 July 2011
ETF Trade 0.15 (capped at $75 per trade, per side)
ETF (auction) 0.28 (capped at S$75 per trade, per side)
1July 2011 - 1 July 2012
ETF Trade 0.15 (capped at $75 per trade, per side)
ETF (auction) 0.28 (capped at $75 per trade, per side)
1 July 2012 - 1 July 2013
ETF Trade 0.15 (capped at $75 per trade, per side)
ETF (auction) 0.28 (capped at S$75 per trade, per side)

Clearing Fees

Type of Trade

Trade Fee (bps)

ETF

0.25

13




Appendix 1.4

Trading and Clearing Fee Rebates

Rebate Side Rebate Side
1 Side 1 Side 2 2
50% Reg MM | Reg MM 50%
50% Reg MM | Adv MM 100%
zero Customer | Customer zero
zero Customer | Adv MM 200%
zero Customer | Reg MM 120%
100% Adv MM | Adv MM 100%

14




Chapter 2: Broker Anonymity and the Information
Content of Trading Patterns

2.1. Introduction

Following the move from screen to floor trading at the ASX in 1987, a feature that
remained was the ability of brokers alone to identify the counterparty with every
order. In 2003, the ASX released a discussion paper proposing a number of reforms.
The most significant — and the most contested — was the proposal to remove the
transparency privileged that brokers shared. At the time of release, most of the major
exchanges (e.g. London, New York and Tokyo) had moved to completely anonymous
trading. In an era of transparency, the rationale for broker anonymity was driven by
liquidity and fairness concerns. Transparency can foster distorted pricing, market
manipulation and increased volatility and the removal of broker ID’s in Tokyo was
borne out of concerns about market manipulation. The primary focus of the discussion
paper was to ensure that all investors are treated equally. What ensued was a varied
response. While the anticipated liquidity enhancements were generally acknowledged,
the Chartered Secretaries Australia (CSA)’, representing the majority of public
companies listed on the ASX, expressed their concern that the initiative would prevent
listed companies accessing important trading information on their own shares, on a
timely basis. It was their view that the ASX should be providing share issuers with

greater access to trading information rather than seeking to restrict access.

5 Australia’s peak membership body for governance and compliance at the time with over 8,000
members.
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On 28 November 2005, the ASX no longer allowed market participants to observe the
identity of brokers submitting limit orders as well as the identity of buying and selling
brokers involved in transactions. Removing this information meant that individual
trades could no longer be linked to individual brokers known to trade with specific
clients. Any trading patterns designed to conceal their identity in the past would no
longer be necessary in the new environment. The degree of pre and post- trade
transparency has been a longstanding topic when assessing the optimal design for
financial markets. The notion of anonymity in financial markets relates to the
knowledge that market participants have about the identity of investors who submit
orders. The provision of broker anonymity can take place pre-trade and or post-trade.
As markets across the globe are moving toward greater anonymity, numerous studies

demonstrate that trader anonymity affects the behaviour of market participants.

A review of the existing literature provides two contrasting schools of thought. Earlier
research concerning pre-trade transparency, of which anonymity can be deemed as a
subcategory®, find or argue that pre-trade transparency enhance liquidity and decrease
transaction costs (e.g. Pagano et al., 1996; Baruch, 2005). Forster et al. (1992) present
a theoretical model that suggests lower execution costs with greater pre-trade
transparency for traders who are able to identify liquidity-motivated orders. They use
the term “anonymity” to signify the broader scope of transaction-related information
(e.g. the direction and size of the trade) and state that the extent of anonymity offered

by a market alters the depth of the market and the dissemination of wealth across

5 Anonymity refers to the transparency with respect to the identity of the broker.
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agents. Specifying the trading mechanism by which the motivations of traders are

disclosed through revealing their identity is outside the scope of the study.

More recently, with empirical studies dedicated solely to anonymity, a second school
of thought is offered. Foucult et al. (2007) state that in the absence of anonymity,
uninformed traders determine the proportion of informed traders in the market prior to
submitting orders. When identities are concealed, informed traders bid more
aggressively as attempts to manipulate uninformed trader’s beliefs are less effective’.
Testing their theory on Euronext Paris following the removal of pre-trade broker
identification, Foucult et al. (2007) conclude that broker anonymity leads to
improvements in market liquidity as more aggressive orders narrows the bid-ask
spread. Extending the analysis of Foucault et al. (2007) to include markets in Paris,
Tokyo and Korea®, Comerton-Forde et al. (2005) also find that liquidity improves with
anonymity. Specific to this chapter, Comerton-Ford et al. (2009) assess the market
quality of the ASX following the introduction of anonymity in 2005. They find
decreases in spreads and increases in order aggressiveness and market depth for larger,
more liquid stocks. As the degree of anonymity increases, order flow becomes less
informative; elucidating the documented liquidity improvements in anonymous

markets (Linnainmaa et al., 2012).

The market attributes greater information content to larger orders (Chan et al., 1995).

Prior literature supports the fact that informed investors tend to split a large order to

7 Simaan, Weaver and Whicomb (2003) find that dealers quote more aggressively on ECNs than
Nasdaq as predicted by the collusion hypothesis (dealers’ IDs are displayed on Nasdaq but not in
ECNs).

8 As opposed to remove, broker identification was introduced in Korea.
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reduce the exploitation of their information advantage (e.g., Vayanos, 2001; Golec,
2007). In a market where broker identities are not concealed, market participants may
be able to identify parcels of a block trade if they are executed by the same broker.
Frino et al. (2010 b) test the theory that consecutive, same-direction transactions by
the same broker convey disproportionate information to the marketplace prior to the
introduction of anonymity on the ASX in 2005. They find that investors split larger
orders into parcels to reduce the exploitation of their information advantage. This
occurs as market participants attribute greater information to larger orders. Frino et al.
(2010 b) also find a larger permanent price-impact with successive uni-directional
trades when a single broker initiates these rather than by different brokers, consistent

with the hypothesis that broker identity conveys information.

The introduction of anonymity on the ASX provides an excellent natural experiment
to investigate broker behaviour. One would expect that following anonymity, the
inability to identify brokers would eliminate the extra information content attributed to
successive, same-direction trades from the same broker. Following Frino et al. (2010
b), we conduct an event-study centred on the introduction of pre-trade broker
anonymity to the ASX on 28 November 2005. This chapter uses the methodology
employed in Frino et al. (2010 b) to determine the effect of this rule change. Using
information not available to the market at the time of trading about broker identity, we
find evidence to support the notion that market participants no longer attribute greater
information content to successive uni-directional trades by a single broker compared

to successive uni-directional trades by different brokers. With successive uni-
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directional trades by a single broker eliciting less of a permanent price impact
following the introduction of anonymity, the price discovery process is inhibited.
Supplementary to Comerton-Forde et al. (2009), a more complete picture is presented

when assessing the market quality impact of broker anonymity on the ASX.

This chapter is also associated to the literature on stealth trading. The stealth trading
hypothesis predicts that informed traders will concentrate their trades on medium sizes
to conceal information. Both Barclay et al. (1993) and Chakravarty (2001) find that
medium-sized trades convey more information than large trades. Additionally,
Alexander et al. (2007) establish that medium-size rounded’ transactions are more
informative than large trades. As there is a greater probability that consecutive trades
from the same broker are stealth trades, Frino et al. (2010 b) demonstrate that
medium-sized, successive, same-direction trades from the same broker will move
prices more than large trades. Following Frino et al. (2010 b), we find evidence that
supports the assertion that medium-sized, same-broker trades are more informative
than large trades for buy-side transactions in the period before anonymity. This occurs
as market participants believe that the broker is executing pieces of a large order. The
same result is not found for sell-side trades. Subsequent to the introduction of broker
anonymity, there is no difference in the information-content across size categories for

buy- and sell-side transactions. Hence the need for stealth trading is reduced.

The remainder of the chapter is organised as follows. Section 2 provides a review of

the literature and sets out the tested hypotheses, while section 3 describes the sample

° Multiples of 500, 1000 etc.
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and methodology employed. Section 4 presents the results and then finally, Section 5

concludes.

2.2. Literature Review and Hypotheses Development

This section invokes the literature and intuitive considerations associated with

transparency and broker anonymity to formulate several hypotheses to be tested.

2.2.1. Financial Markets and Asymmetry Information

Asymmetric information and noise trading!® are often pointed to as barriers to
informational market efficiency. Kyle (1985) and Black (1986) suggest that noise
trading is pervasive as it delays the impounding of information in stock prices.
Asymmetric information exists when some market participants have more information
about a security than others. Intuitively, it is unlikely that investors will possess
market-wide private information; therefore, asymmetric information is more
prominent in individual stocks (Subrahmanyam, 1991). Investors that can more
accurately predict the intrinsic value of a security are considered to be more informed
than others. While asymmetric information is a clear barrier to strong-form market
efficiency, it is also problematic for the fairness and integrity of capital markets

(Eleswarapu et al., 2004).

Numerous studies have investigated the relationship between stock prices and

information. The concept of economic equilibrium suggests that prices must convey

10 Trades made by investors who make decisions without the use of fundamental data.
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all publicly available information that is required to make optimal choices. However,
given the prominence of asymmetric information, it is unlikely that stock prices reflect
the expectations of market participants (Grossman et al., 1980). Grossman et al.
(1980) expand on this by stating that there would be no incentive for market
participants to pursue and gather information if strong-form efficiency existed.

Therefore, collecting information is integral in determining the ‘true’ value of an asset.

Asset pricing models generally do not consider information asymmetry as they assume
homogenous information amongst investors (O’Hara, 2003). Diamond et al. (1991)
develop a model that recognises the impact private information can have amongst
different classes of investors. They argue that while private information is important,
sufficient capital must be invested to impact the price of the security. Large,
institutional investors are capable of moving the market if trading on privately
disclosed information, however smaller firms are unlikely to have a material effect on

prices, even in aggregate.

While it is clear that asymmetric information is a barrier to efficient prices, it can be
argued that it is essential for market equilibrium (Grossman et al., 1980). For a
transaction to clear there must be parties on both sides — something that would not
exist if there were no differences among investor opinions and views (Karpoff, 1986).
Grossman et al. (1980) also state that investors who seek new information require
higher returns. Investors are incentivised to gather new information as long as the

marginal benefit is greater than the marginal cost of doing so (Fama, 1991). Well-
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functioning capital markets exist with incomplete information; prices will not

represent all information in equilibrium (Grossman et al., 1980).

The relationship between information asymmetry and liquidity has been well
documented in the extant literature. A security is likely to be more liquid when
information asymmetry is low; less-informed investors are less willing to trade if they
know there are better-informed investors (Akerlof, 1970; Glosten et al., 1985). This is
supported empirically by studies such as Welker (1995) and Bartov et al. (1996) who
find a rise in the number of trades and trading volume once information asymmetry is
reduced. This can be explained by the reduction in adverse selection costs as investors
become better informed (Blume et al., 1994; Kim et al., 1997). Intuitively, investors

are more likely to trade when they are well informed.

The overriding theme of the competing evidence is that asymmetric information is
detrimental to the functioning of capital markets. There is incentive for regulators and

exchanges to make investors better-informed.

2.2.2. Transparency: Theoretical Research

There are many elements to market transparency, with the most important dimension
being the transparency of prices pre- and post- transactions. In this thesis, an
additional component of transparency is studied: broker identities, both pre- and post-

trade.
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A review of the theoretical literature leads to inconsistent inferences about the effects
of transparency in financial markets. Studies in favour of transparency, such as
Admati et al. (1991), Pagano et al. (1996) and Baruch (2005), each conclude that
transparency improves liquidity. Admati et al. (1991) show that, at the expense of
traders who do not disclose, uninformed liquidity investors can benefit from voluntary
transparency. In a transparent market, the advantage held by informed traders is
mitigated (Chowdhry et al., 1991; Madhavan, 1995; Bloomfield et al., 1999). This is
often presented as an explanation to the finding. Distinguishing between informed and
uninformed traders, Pagano et al. (1996) find benefits to uninformed traders with
increased transparency. This is consistent with the findings of Forster et al. (1992)
who prove that enhanced pre-trade transparency reduces execution costs for investors

who can signal liquidity-motivated orders.

Relying on the presence of informed limit order traders, Foucault et al. (2007) argues
that the compulsory disclosure of broker identification can increase bid-ask spreads.
Foucault et al. (2007) begins by modelling dealers whose “stale” limit orders are
“picked off” by speculators when future volatility is high. Under the existence of
asymmetric information in a transparent market, uninformed dealers gage information
from informed dealers regarding future volatility. Therefore, in anticipation of adverse
information events, uninformed dealers price-protect themselves and spreads widen.
On the other hand, Foucault et al. (2007) also predict that uninformed investors are
more likely to post aggressively and narrow the spread when the chance of informed

trading is low as the chances of being “picked-off” are lessened. Therefore, in contrast
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to the aforementioned theoretical studies, this model forecasts narrower spreads in an

anonymous market as the LOB becomes less informative.

To effectively study broker identification transparency, informed trading must be
range over two periods to allow for bid-ask spread modifications subsequent to the
exposure of trade direction. Under the model presented in Foucault et al. (2007),
informed investors are not given the opportunity to trade again to exploit their
informational advantage. It is the adverse price adjustment from informed traders that

results in improved market quality in transparent environments (Maher et al., 2008).

Modelling informed investors who may favour placing limit orders rather than
exclusively relying on market orders, Boulatov et al. (2007) find that transparent
markets allow these dealers to better anticipate trades pertaining to information.
Therefore they can profit from better price discrimination. The less aggressive quoting
behaviour of informed investors consequently results in greater profits for themselves
and dealers at the expense of uninformed investors. Hence, in contrast to much of the
theoretical literature, Boulatov et al. (2007) show that the exposure of dealer identities

makes it beneficial to informed dealers as collusion is enabled.

2.2.3. Transparency: Empirical Research

Due to a lack of data, early empirical research on the effects of market transparency
was conducted as experiments. Like the theoretical literature, a review of the empirical

research surrounding market transparency produces conflicting results. More recently,
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especially in research devoted to anonymity, it is argued that more opaque markets

lead to improved liquidity and reduce transaction costs.

2.2.3.a. Transparency Market Efficiency

Anonymity can lead to benefits by lessening the market impact of trades and assisting
brokers and dealers in best execution responsibilities. Commenting on the post-trade
anonymity feature on NASDAQ’s SuperMontage, the Securities and Exchange
Commission (SEC) states that it allows NASDAQ to offer benefits such as minimizing
the price impact of institutional orders (SEC, Release No. 34-38257, 2003). In an
anonymous environment, traders can conceal their intentions to avoid parasitic trading
or front running (Harris, 1997). Market efficiency effects associated with the price

impact of anonymous trades are detailed in a number of empirical studies.

Examining the proportion of a stock’s cumulative price change, Barclay et al. (2003)
find that price movements are due mainly to informed traders’ private information on
the NYSE. Heidle et al. (1999) assess the risk of trading with an informed traders
across alternate exchange structures. They find that the probability of encountering an
informed trader is higher in dealer markets than it is in auction markets. This finding is
consistent with greater anonymity in dealer markets. With a related hypothesis,
Grammig et al. (2001) empirically examines whether the level of broker anonymity is
related to the probability of information-based trading. The study focuses on the
German stock market where non-anonymous traditional floor based exchanges co-

exist with an anonymous computerized trading system. The authors extend the method
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proposed by Easley et al. (1996)!!, an approach that estimates the intensity of
informed and uninformed order flow and therefore provides a direct assessment of the
probability of informed trading. The method is further developed by Grammig et al.
(2001) to allow for simultaneous estimation of their parallel markets and allows the
authors to determine that the probability of informed trading is significantly lower in
the floor based trading system. They conclude that a higher degree of anonymity is
associated with a higher probability of informed trading and that anonymity is not well

suited for smaller stocks.

Foucault et al. (2007) extend their theoretical rationale and test their proposition by
studying the behaviour of bid-ask spreads and depth of CAC-40 and Contnu A stocks
on Euronext Paris. In April 2001, Euronext Paris removed pre-trade transparency.
Prior to this, brokers had full access to the full LOB where they could identify the
broker responsible for each order. Foucault et al. (2007) centre their analysis on this
change and after controlling for trading activity, price volatility and stock prices, find
a decline in quoted and effective spreads and price informativeness following a shift to

anonymity.

Extending the analysis of Foucault et al. (2007), Comerton-Forde et al. (2005)
examine the removal of broker identifications Euronext Paris and the Tokyo Stock
Exchange. To supplement their analysis, they also assess the introduction of broker
identification for limit orders on the Korea Stock Exchange. They find that a reduction

in transparency results in a decrease in both the relative and effective bid-ask spreads

11 Easley et al. (2006) find that the probability of informed trading is negatively related to firm size.
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in the Tokyo Stock Exchange and Euronext Paris. Consistently, the relative bid-ask
spread increases on the Korea Stock Exchange as they move to an even higher level of
pre-trade transparency. Due to data limitations, it was not possible for the authors to

examine effective spreads for Korean stocks.

Replicating the methodology utilised in Foucault et al. (2007), Majois (2007) shows
that the reduction in spreads observed in Paris (Comerton-Forde et al, 2005)
simultaneously appear on the NYSE, where there was no policy change. The authors
state that interpreting changes in liquidity due to alterations in market design should be
interpreted with a lot of care. Rather than attribute the liquidity improvements
observed in Paris to the introduction of anonymity, Majois (2007) poses a “global
liquidity factor” as the determinant. The global liquidity factor, a central focus of
Stahel (2005), assesses commonalities in liquidity in an international framework,
using samples from Japan, the UK and the US. As the findings of Comerton-Forde et
al. (2005) are determined from anonymity changes at three different time periods,
Majois (2007) does not produce enough evidence to refute the conclusions made by
Comerton-Forde et al. (2005). Majois (2007) only provides contrasting evidence for
one of the three independent liquidity improvements attributed to the introduction of
anonymity by Comerton-Forde et al. (2005). Offering a different take, Maher et al.
(2008) finds the results of Majois (2007) to be unsurprising as the controls, developed

in Foucault et al. (2007), are not exogenous as required, but endogenous.

In a study particularly pertinent to this thesis, Comerton-Forde et al. (2009) examine
the effects of the removal of broker identifiers from the LOB of the ASX. Comerton-
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Forde et al. (2009) specifically replicate the model presented in Foucault et al. (2007)
with the addition of a trend term that captures the move to broker identification
anonymity. Like Foucault et al. (2007), they document a fall in the time-weighted
spread, noting a greater effect for smaller stocks. In line with the hypothesis that limit
order traders are more likely to expose their orders when their identity is hidden, they

also find a reduction in order aggressiveness and an increase in order book depth.

Continuing their analysis, Comerton-Forde et al. (2009) assess the impact of
anonymity within fragmented markets. Madhavan (1995) states that in fragmented
markets, order flow should drift toward the more liquid and efficient market. If traders
are capable of managing their order exposure risk when trading anonymously, an
anonymous market should attract liquidity from the more transparent market
(Grossman, 1992). Comerton-Forde et al. (2009) identify investor preference for
anonymous markets for large stocks with anonymous markets drawing order flow
from non-anonymous alternate markets. This is an intuitive finding as smaller stocks
tend to display higher levels of information asymmetry (Hasbrouck, 1991) and is
consistent with Theissen (2002). Bloomfield et al. (2000) also determine most dealers
prefer a more transparent market and subsequently attain larger profits than dealers in

less opaque markets.

Simaan et al. (2003) assess the quoting behaviour of NASDAQ market makers across
different trading platforms and argue that a transparent market environment allows
investors to informally collude and quote wider spreads. They demonstrate this by
showing wider quotes posted via anonymous Electronic Communication Networks
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(ECNs) compared to those posted through NASDAQ’s transparent dealer quotation
system. Simaan et al. (2003) state that NASDAQ dealers are more inclined to quote
aggressively when their identities are not disclosed, leading to greater price
competition. Similarly, Boehmer et al. (2005) find a decreased depth and order
aggressiveness as investors submit and then cancel orders at a faster rate following an
increase in pre-trade transparency. It must be noted that Simaan et al. (2003) compare
an anonymous automated structure with a non-anonymous structure where liquidity
providers can voluntarily trade upon identifying other participants. Hence it is
challenging to draw comparisons between such papers as they do not isolate the

impact of anonymity from other structural influences.

Moving from equity markets, Frino et al. (2006) find improvements in quoted depth
and trading volume as well as meaningful reductions in quoted spreads in the 90 Day
BAB, 3 Year Treasury Bond and 10 Year Treasury Bond Futures following the

removal of broker mnemonics on the Sydney Futures Exchange.

Once broker identities are removed, the typical result found is that liquidity is
improved'?. Linnainmaa et al. (2012) offer an alternate interpretation of the result in
the event study literature. The authors find that the market uses broker identifications
to update prices. They state that the price impact of a trade would decrease following

anonymity, implying greater liquidity; however, this is at the expense of informational

12 E g. Comerton-Forde et al. (2005), Foucault et al. (2007), Theissen (2007), Aspris et al. (2008),
Comerton-Forde et al. (2009) and Friederich et al. (2011).
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efficiency. As prices, do not adequately adjust to order flow, informed investors can

greater profit from their informational advantage.

In contrast to the empirical studies reviewed, Boehmer et al. (2005) find an increase in
market depth and reduced effective spreads following the introduction of NYSE’s
OpenBook in 2002. This is consistent with Hendershott et al. (2005), who analyst the
natural experiment that occurred when the Island electronic communications network
(ECN) LOB decreased in transparency for the 3 most active exchange-traded funds.
They find increased trading costs in the less transparent trading system as well as a

loss of market share for Island.

Prior to the introduction of anonymity on the ASX in 2005, Frino et al. (2010 b) test
the theory that consecutive, same-direction transactions by the same broker convey
disproportionate information to the marketplace. They find that trader motivation is
revealed through the disclosure of their identity. The findings are consistent with
Pham (2013) who finds that information is disseminated quicker in the KOSDAQ

market once broker identifiers were transparent.

Following the introduction of broker anonymity on the ASX subsequent to Frino et al.

(2010 b), we develop the following hypotheses:

Hy: Successive, same-direction trades from the same broker will convey more
information than successive, same-direction trades from different brokers in the 18

months prior to the introduction of broker anonymity on the ASX.
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H,: Successive, same-direction trades from the same broker will convey the same
information as successive, same-direction trades from different brokers in the 18

months subsequent to the introduction of broker anonymity on the ASX.

2.2.3.b. Transparency and Stealth Trading

In an environment where broker identities are not concealed, investors may
concentrate their trades on medium sizes' to conceal information. This is known as
the stealth trading hypothesis. As market participants become privy to this, they may

recognise when a broker is executing pieces of a large order.

Coupled with the market efficiency benefits associated with anonymity, discussed in
Section 2.3.3.a, Barclay et al. (1993) also find that medium-sized trades convey more
information than large trades on the NYSE. Using audit trail data for a sample of
NYSE stocks, Chakravarty (2001) shows that medium-sized trades are associated with
disproportionately large cumulative stock price changes relative to their proportion of
all trades and volume. Intuitively, they attribute the source of these trades to be those
initiated by institutions. Alexander and Peterson (2007) also establish that medium-
size rounded transactions are more informative than large trades on the NYSE and

Nasdag.

Using ASX trading data, Chakravarty et al. (2011) test the idea that informed traders

disguise their trades. The paper examines trading strategies of informed investors

13 Multiples of 500, 1000 etc.
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relative to the level of liquidity in the market. The authors find that traders with
information utilise different trading strategies depending on the level of liquidity in the
marketplace. During periods of higher liquidity, when the traders’ chance of execution
is higher, only medium-sized trades result in disproportionate price impacts. When
liquidity is lower, the chance of execution is lower and informed traders appear to split
their trades into smaller sized trades. The results imply that informed investors trading
strategies is a trade-off between the chance of execution and transaction costs. The
results of Chakravarty et al. (2011) differ slightly to those found in the U.S markets

where only medium-size trades move the market.

Also studying effects specific to the ASX, Frino et al. (2010 b) demonstrate that
medium-sized, successive, same-direction trades from the same broker will move
prices more than large trades as there is a greater probability that consecutive trades
from the same broker are stealth trades. Each of the aforementioned studies provide
evidence that supports the stealth trading hypothesis. Following the introduction of
broker anonymity on the ASX subsequent to the findings identified in Frino et al.

(2010 b), we develop the following hypotheses:

H;: Successive, medium-sized, same-direction trades from the same broker will
convey more information than successive, large-sized, same-direction trades from
different brokers in the 18 months prior to the introduction of broker anonymity on the

ASX.
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H,: Successive, medium-sized, same-direction trades from the same broker will
convey the same information as successive, large-sized, same-direction trades from
different brokers in the 18 months subsequent to the introduction of broker anonymity

on the ASX.

2.3. Methodology

2.3.1. Sample and Data Sources

We select an event window of 36 months around the introduction of anonymity to the
ASX on November 28 2005. This includes an 18-month pre-event window of 28 June
2004 to 27 November 2005 and an 18-month post-event window of 28 November

2005 to 27 June 2007.

Our sample of stocks are the constituents of the All Ords as of 28 November 2005, for
each stock, intraday order and trade data are analysed over the sample period. ASX
trade and order book data is sourced from the Securities Industry Research Centre of
Asia-Pacific (SIRCA). For each security, we obtain the time, bid-price, bid-size, ask-
price, ask-size, record-type, price, volume, buyer-broker-ID and seller-broker-ID. The
order book data also contains broker identifications, enabling us identify consecutive
trades by the same broker. Finally, market capitalisation data is obtained from

DatAnalysis.
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2.3.2. Analysis

We are comparing the information content of two consecutive trades in the same
direction by the same broker (via a market order) with two consecutive trades in the
same direction by different brokers. To do so, we follow the methodology employed

by Frino et al. (2010 b).

On-market crossings are shown in our data file when the buying and selling broker
identification are the same and are eliminated. A market order can execute against a
series of standing limit orders at different levels of the order book. This occurrence
appears on our data file as separate transactions. Therefore we aggregate any series of
trades with the same broker identification for the trade initiator, date and time stamp.

Price and misquotes are volume-weighted in such instances.

Our experimental sample consists of buyer-initiated (seller-initiated) trades which are
followed by buyer-initiated (seller-initiated) trades where the buying (selling) broker
is the same. The control sample is comprised of buyer-initiated (seller-initiated) trades
which are followed by buyer-initiated (seller-initiated) trades where the buying
(selling) brokers are different. To ensure that the information content of an
experimental pair can be attributed to that specific experimental pair, experimental
pairs which contain other experimental pairs within 5 transactions of the experimental

and control pairs are removed.

When considering the information content of our trade pairs, it is important that the
results are not influenced by other factors. A significant and well-documented factor is
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the size of the trade (Hasbrouck, 1991; Barclay et al., 1993; Chan et al., 2000). We
categorize each trade into small, medium and large categories for each stock. Large
trades are the largest 2% of trades, small trades are the smallest 55% of transactions
and medium-sized trades are the remaining 43% of trades for the particular stock'*. To
control for the information content of the size of a trade we implement a matching
procedure. We match each pair of trades in the experimental sample with a pair of
trades in the control sample if the control pairs (first and second trade): (1) are in the
same direction and in the same stock, and (2) in the same size category as the
experimental trades. In the instance of more than one control trade pair for a particular
experimental trade pair, we match further on the average size of the trade pair, date
and time. Matching on date and time ensures that we are controlling for the market
environment. The matching process is conducted without replacement, and the final
matched sample of 52,121 buyer-initiated trades and 52,382 seller-initiated trades,
executed by 81 different broker firms for the pre-event period. The final matched
sample for the post-event period consists of 97,462 buyer-initiated trade pairs and

97,753 seller-initiated trade pairs, executed by 89 different broker firms.

To test Hiand H, we estimate and compare the ‘permanent’ price impact of a given
pair of transactions for both the experimental and control samples. Like Frino et al.
(2010 b) we implement the method used in the block trade literature (Halthausen et al.,

1987; Gemmill, 1996). Our permanent price impact measure is:

1 The classification scheme reported in this paper results in a similar proportion of small, medium and
large-sized trades by Barclay and Warner (1993).
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]
P =In 2, (2.1)

where M,_¢ is the corresponding midpoint'?

of the bid-ask quotes of the transaction
six trades previous, and M, is the corresponding midpoint of the bid-ask quotes of

the transaction five trades after, the experimental or control trade ¢. The experimental

or control trade ¢ is defined as the second trade of the pair.

We are comparing the information effect of our experimental pairs to that of our
control pairs. To do this effectively, we must control for any other factors that could
have an impact on the permanent price impact of a transaction. As well as size, which
we have considered in our matching process, it is well-established that the level of
information of a given trade is related to the time between transactions (Easley et al.,

1998; Chung et al., 2004; Mclnish, 2005; Frijns, 2006).

We sort all trade pairs by time interval for each stock and categorise them into a small,
medium or large category. A short time interval is an interval that falls in the top 2%,
long time intervals are those in the bottom 55%, and medium time intervals are those
in the remaining 43%. Like Frino et al. (2010 b), we also account for the identity of
the broker!®. If informed, institutional investors are known to trade through particular
brokers, then broker identities may contain information prior to the introduction of
anonymity. As broker identities are concealed, we do not expect them to have any

effect in the post-event environment. We control for these characteristics in the

15 The midpoint of the bid-ask quotes is used to avoid noise associated with bid-ask bounce. See Lease
et al. (1991) for a discussion of the effects of bid-ask ounce on event-study returns.

1 Frino et al. (2010 b) use the example of systematically better informed clients trading through
particular institutional brokers.
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following OLS regression model, estimated for buyer-initiated and seller-initiated

trades, pre- and post-anonymity:

— Size Size Time Time
Pi = +BIDLarge + ﬁZDMedium + ﬁ3DShort + ﬁ4DMedium +35D5amebmker +

T ViDERT + & 2.2)

where P; is our permanent price impact measure defined above. Df&zrge and D328,

are dummy variables for the trade size categories and identify whether trade ¢ is a

medium or large-sized trade. D10 and DIU™¢  are dummy variables for the time

interval categories and identify whether the time elapsed between a trade pair is short

or medium. DJroker

are dummy variables for the broker which take on a value 1 if
either the second trade in the current trade pair is initiated by broker i, otherwise zero.

Dsamey, ooy 18 @ dummy variable which is set to 1 if trade 7 is an experimental trade;

otherwise zero.

Consistent with the stealth trading hypothesis, Frino et al. (2010 b) find that trades
executed through the same broker in the medium size category conveys more
information than large trades. We test for this incremental effect both pre- and post-
anonymity. Following the introduction of anonymity, we expect any effect to
disappear. As market participants can now trade anonymously, the need for stealth

trading is reduced. To test this, we run the following OLS regression model:
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— Size Size Time Time
Pi = +.81DLarge + ﬁZDMedium + ﬁ3DShort + ﬁ4DMedium + ﬁS(DSamebroker X
Size Size Size n Broker
DLarge) + ﬁG(DSamebroker X DMedium) + ﬁ7(DSamebmker X DSmall) + Zi=2 YiDi,t + &
, (2.3)

Size Size Size
where DSamebmker X DLarge > DSamebrokeT X DMedium and DSamebrokeT X DSmall represent

interaction variables between our experimental and control pairs and their size

category.

2.4. Results
2.4.1. Descriptive Statistics

Table 2-1 reports the size descriptive statistics for the experimental and control
samples in the period prior to the introduction of anonymity. It is clear that the
matching process has resulted in a close match in the size of trades between the
experimental and control samples. The average size of a buyer-initiated experimental
pair (7876) is similar to the average size of a buyer-initiated control pair (7798). The
same conclusion can be drawn from seller-initiated pairs with an average size of 6958
and 6821 for the experimental and control pairs respectively. The average size of the
first and second trades are also comparable across the experimental and control
samples for both buyer-initiated and seller-initiated pairs. Similar to Frino et al. (2010
b), we observe a greater average trade size in the second trade for buyer-initiated
trades (in the experimental and control samples) but a lower average trade size in the

second trade for seller-initiated trades.
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Table 2- 1: Descriptive Statistics- Pre-Anonymity

This table provides descriptive statistics for the experimental and control samples which characterize the
average size between trades. Transactions are sampled from the constituents of the All Ords on the ASX as of
28 November 2005, over the period 28 June 2004 to 27 November 2005. The experimental sample contains
of consecutive trades initiated by the same broker and in the same direction. The control sample contains
consecutive trades initiated by different brokers in the same direction. Trade pairs are ordered from largest to
smallest by their average size. The largest 2% are the “large” trades, the smallest 55% are “small” trades and
the remaining 43% are “medium” trades. Each pair of trades in the experimental samples is matched with a
pair of control trades from the same stock, size category and in the same direction. In the instance of more
than one suitable control pair, the pair with the closest average trade size, date and time to the experimental
pair is selected. Sampling is conducted without replacement.

Experimental Trades Control Trades

First Second Aver First Second Aver

Trade Trade verage Trade Trade verage
Panel A: Consecutive buyer-
initiated trades (N = 52,121)
Mean 5308 10445 7876 5706 9891 7798
Median 1702 4002 3547 1716 3229 3458
Std. Dev. 17829 26700 18279 18204 25144 17319
Panel B: Consecutive seller-
initiated trades (N = 52,382)
Mean 8506 5211 6958 8282 5360 6821
Median 2986 1566 2824 2828 1542 2826
Std. Dev. 27260 15772 17911 22919 21613 17389

Table 2-2 reports size descriptive statistics for the experimental and control samples in
the period subsequent to the introduction of anonymity. Again, the matching process
has resulted in a close match in the size of trades between the experimental and control
samples for both buyer- and seller-initiated trades. The difference in the average size
of the first and second trades is also negligible across the experimental and control

samples for both buyer-initiated and seller-initiated pairs. Interestingly, the number of
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trade pairs has almost doubled. This indicates that investors are taking less steps to

conceal their information advantage in the new environment.

Table 2- 2: Descriptive Statistics- Post-Anonymity

This table provides descriptive statistics for the experimental and control samples which characterize the
average size between trades. Transactions are sampled from the constituents of the All Ords on the ASX as of
28 November 2005, over the period 28 November 2005 to 27 June 2007. The experimental sample contains
of consecutive trades initiated by the same broker and in the same direction. The control sample contains
consecutive trades initiated by different brokers in the same direction. Trade pairs are ordered from largest to
smallest by their average size. The largest 2% are the “large” trades, the smallest 55% are “small” trades and
the remaining 43% are “medium” trades. Each pair of trades in the experimental samples is matched with a
pair of control trades from the same stock, size category and in the same direction. In the instance of more
than one suitable control pair, the pair with the closest average trade size, date and time to the experimental
pair is selected. Sampling is conducted without replacement.

Experimental Trades Control Trades

First Second First Second

Trade Trade Average Trade Trade Average

Panel A: Consecutive buyer-
initiated trades (N = 97,462)

Mean 4020 7790 5905 4301 7438 5870
Median 1006 2068 2045 1039 2048 2046
Std. Dev. 15274 25343 17285 15505 26017 17401

Panel B: Consecutive seller-
initiated trades (N = 97,753)

Mean 6133 3869 5001 5981 3966 4974
Median 1843 999 1720 1774 945 1721
Std. Dev. 19012 15160 13789 23698 15088 15423

The average permanent price impact of experimental and control trades prior to the
introduction of anonymity can be found in Table 2-3. Panel A suggests a greater
permanent re-assessment of stock value for buyer-initiated transactions by the same
broker. Specifically, consecutive buyer-initiated transactions through the same broker

exhibit a permanent price impact of 0.020% compared to 0.008% for consecutive
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buyer-initiated transactions by the different brokers. The same conclusion can be
drawn for seller-initiated trades. Consecutive seller-initiated transactions through the
same broker display a permanent price impact of -0.019%, while consecutive seller-
initiated transactions by different brokers lead to a permanent price impact -0.012%.
The difference in means are significant at the 1% and 5% level for buyer-initiated and

seller-initiated trades, respectively.

Table 2- 3: Permanent Price Impact of Trades- Pre-Anonymity

This table provides statistics that characterize the permanent price impact (
P;) of experimental and control trades. Transactions are sampled from the constituents of the All
Ords on the ASX as of 28 November 2005, over the period 28 June 2004 to 27 November 2005.
The experimental sample contains of consecutive trades initiated by the same broker and in the
same direction. The control sample contains consecutive trades initiated by different brokers in the
same direction. Trade pairs are ordered from largest to smallest by their average size. The largest
2% are the “large” trades, the smallest 55% are “small” trades and the remaining 43% are
“medium” trades. Each pair of trades in the experimental samples is matched with a pair of control
trades from the same stock, size category and in the same direction. In the instance of more than
one suitable control pair, the pair with the closest average trade size, date and time to the
experimental pair is selected. Sampling is conducted without replacement. The permanent price
impact of calculated as the natural log of the ratio of the bid-ask midpoint from six trades before to
five trades after the second of the two consecutive trades. The #-test is based on the hypothesis that
the mean difference is not statistically different from zero. *** ** and * represent significant at the
1%, 5% and 10% level respectively. All means and standard deviations are multiplied by 100.

Mean T-Test
Experimental Control Difference ¢
Panel A: Consecutive buyer-
initiated trades (N = 52,121)
p; 0.020 0.008 0.012 3.45%%%*
Panel B: Consecutive seller-
initiated trades (N = 52,382)
P; -0.019 -0.012 -0.007 -2.06%*
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Table 2-4 reports the average permanent price impact of experimental and control
trades following the introduction of anonymity. Panel A reports that consecutive
buyer-initiated trades by the same broker result in a permanent price impact of 0.018%
while consecutive buyer-initiated transactions by different brokers have a permanent
price impact of 0.023%. The difference in means between the experimental and
control samples are not significant at the 0.1 level. Panel B reports a price impact of -
0.015% for consecutive seller-initiated trades by the same broker and a price impact of
-0.008% for consecutive seller-initiated transactions by different brokers. The
difference in means between the experimental and control samples are not significant
at the 5% level. Our univariate results indicate that there is no difference in the price
impact of two consecutive same side trades through the same broker compared to two

consecutive same side transactions through different brokers.
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Table 2- 4: Permanent Price Impact of Trades- Post-Anonymity

This table provides statistics that characterize the permanent price impact (
P;) of experimental and control trades. Transactions are sampled from the constituents of the All
Ords on the ASX as of 28 November 2005 over the period 28 November 2005 to 27 June 2007.
The experimental sample contains of consecutive trades initiated by the same broker and in the
same direction. The control sample contains consecutive trades initiated by different brokers in the
same direction. Trade pairs are ordered from largest to smallest by their average size. The largest
2% are the “large” trades, the smallest 55% are “small” trades and the remaining 43% are
“medium” trades. Each pair of trades in the experimental samples is matched with a pair of control
trades from the same stock, size category and in the same direction. In the instance of more than
one suitable control pair, the pair with the closest average trade size, date and time to the
experimental pair is selected. Sampling is conducted without replacement. The permanent price
impact of calculated as the natural log of the ratio of the bid-ask midpoint from six trades before to
five trades after the second of the two consecutive trades. The #-test is based on the hypothesis that
the mean difference is not statistically different from zero. *** ** and * represent significant at the
1%, 5% and 10% level respectively. All means and standard deviations are multiplied by 100.

Mean T-Test
Experimental Control Difference t

Panel A: Consecutive buyer-

initiated trades (N = 97,462)

P; 0.018 0.023 -0.005 0.57
Panel B: Consecutive seller-

initiated trades (N = 97,753)

p; -0.016 -0.008 -0.008 -1.81%

After the introduction of anonymity, we expect the result found in Table 2-3 and Frino
et al. (2010 b) to disappear given that there is no longer a recognisable difference
between our experimental and control samples to the trader. The results presented in
Table 2-4 are consistent with our expectations. Frino et al. (2010 b) note that the time
elapsed between trades is shorter for control trades. The greater trade frequency
exhibited by control trades may explain the results presented in Table 2-3. As we have

also not yet considered the identities of the particular brokers submitting orders, it is
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premature to conclude that consecutive, same-side transactions by the same broker
convey more information than consecutive, same-direction trades via different brokers

prior to anonymity (and that the introduction of anonymity removed this effect).

2.4.2. Regression Analysis

To prove that two consecutive trades in the same direction executed by the same
broker leads to a larger permanent re-assessment of stock value than two consecutive
trades in the same direction executed by different brokers we must control for factors
that may influence the information content of a transaction. OLS regression results
associated with Equation (2.2) prior to the introduction of anonymity are presented in
Table 2-5. The table provides estimates of the effect of consecutive, same-direction
trades through the same broker on stock prices after controlling for the size of the
trade, the time elapsed between trades and broker identity. F statistics of 8.22 and 6.73
suggests that the overall model for buyer- and seller-initiated trades is significant at

the 0.01 level, respectively.

For buyer-initiated trade pairs, the coefficient of 0.018 on DST};T(?Tet is significant at the

1% level and larger than the coefficient of 0.022 on DIM¢  (significant at only the
10% level). Therefore, market participants use the time between trades as a signal for
the presence of informed traders. This is consistent with Chung et al. (2005) and Frino
et al. (2010 b). A similar result is initially observed for seller-initiated transactions,

however neither of the coefficients are significant at the 5% level. The magnitude of

the coefficient on fofrfqe is greater than the magnitude of the coefficient on

44



Djize. .. for both buyer-initiated and seller-initiated trades. Each of the coefficients are
significant at the 1% level. These results are consistent with Freon et al. (2010) and the
previous literature!” highlighting that larger sized trades have more of a permanent

impact on stock values than smaller trades.

Our primary variable of interest, Dsgme, .,..» 18 significant at the 1% level for
consecutive buyer-initiated and consecutive seller-initiated transactions. The
coefficient is positive for buyer-initiated trade pairs and negative for seller-initiated
trade pairs. Therefore, after considering the size of the trade, time between trades and
broker identities, the experimental sample still exhibits a larger permanent price
impact than the control sample and we fail to reject H;. Consistent with Frino et al.
(2010 b), the identity of the broker can result in a permanent price impact. 30% of
brokers initiated buy-side trades are associated with a permanent price impact while

35% of brokers cause a significant, permanent re-assessment of stock values.

Prior to the introduction of anonymity to the ASX, the identity of the broker involved
in two consecutive trades conveys information to the market. This is true both in
isolation and when considered as a conditional variable when interpreting two same-

direction, sequential trades and is consistent with the findings of Frino et al. (2010 b).

17 E.g. Chan and Lakonishok (1995) and Gemmill (1996)
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Table 2- 5: Permanent Price Impact of Trades Controlling for Size and Time
between Trades- Pre-Anonymity

This table provides OLS regression results for the following model: P; = « + ﬁlDLSéerqe +

Size Time Time 81 Broker
BZDMedium + BSDShort + B4DMedium +35D5amebroker + i=2 yiDi,t + &

Where P; is the natural log of the return of the bid-ask midpoint from six trades before to five trades

after the second of the two consecutive trades in the same direction, named trade z. DLSr%Ie and

Djize. . are transaction size dummy variables which identify whether transaction ¢ is a large of
medium sized trade. Trade pairs are ordered from largest to smallest by their average size. The
largest 2% are the “large” trades, the smallest 55% are “small” trades and the remaining 43% are

“medium” trades. DLME and DLime  are dummy variables stating whether the time preceding

trade ¢ is short or medium. Short time intervals are the smallest 2% of intervals between trade pairs,
for each stock. Long-time intervals are those in the bottom 55% and medium time intervals are the
remaining 43%. Dsame,, .10, 1S @ dummy variable that equals 1 if the trade pair is an experimental
pair, otherwise 0. D oker is a dummy variable that equals 1 if the trade is initiated by broker i,
otherwise 0. The model is run for the constituents of the All Ords as of 28 November 2005, for the
period 28 June 2004 to 27 November 2005. All ¢ statistics are adjusted for autocorrelation and
heteroskedasticity using the procedure of Newey and West (1987). All means and standard errors are
multiplied by 100.

Variable Buyer-Initiated Seller-Initiated
Intercept -0.079%** 0.067%**
(-4.23) (3.55)
Diaige 0.08 1% L0.080%**
(4.96) (-9.00)
Dl\é;liezgium 0.018%** -0.036%%*
(5.21) (-9.64)
Dino: 0.048%#* -0.004
4.01) (-0.29)
plime 0.022* -0.001
(1.87) (-0.05)
Dsamep,orer 0.012%** -0.010%**
(3.59) (-2.66)
Mean = 0.060 Mean = -0.061

Median = 0.052 Median = -0.052
Percentile 90" — 10" = 0.160 Percentile 90" — 10 = 0.158
Significant (1%) =29.27% Significant (1%) = 35.37%

Statistics of DJJ°*e”

F 8.22%** 6.73 wx
Adjusted R* 0.007 0.005
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To conclude that there is no difference in the permanent price impact of consecutive
transactions in the same direction by the same broker compared to consecutive
transactions in the same direction by different brokers following the introduction of
anonymity we control for the size of the trade, the time elapsed between trades and
broker identity. Table 2-6 presents the OLS regression results associated with
Equation (2.2) subsequent to the introduction of anonymity. For buyer-initiated
transactions, the F statistic of 1.71 suggests that the overall model is significant at the
5% level. The F statistic of 4.65 for seller-initiated transactions suggests that the

overall model is significant at the 1% level.

The coefficients for the time variables are all statistically insignificant at the 10%
level. This result is in contrast to that found in Table 2-5 prior the introduction of
anonymity and is counter intuitive as we would expect the time between trades to be
more informative after the introduction of anonymity. This result is also inconsistent
with Frino et al. (2010 b) and Chung et al. (2005) who suggest the time between trades
signals the presence of an informed trader in the market. The coefficients of the size
variables are all significant at the 0.05 level at least. Again, the magnitude of the
Size

coefficient on Df2¢, is greater than the magnitude of the coefficient on Dy25;,,, for

both buyer-initiated and seller-initiated trades; consistent with the extant literature

The important finding presented in Table 2-6 is that of Dggpe, ... Which is not
significant at the 5% level for both buyer-initiated and seller-initiated trades. These
results support the univariate findings of Table 2-1 that the result found in both Table

2-5 and Frino et al. (2010 b) is no longer present as there is no difference in the price
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impact between experimental and control trade pairs. Therefore we fail to reject Ho.
As expected the identity of a broker no longer has a bearing on the price impact of our
buyer-initiated trade pairs. Roughly 7% of brokers for seller-initiated trades are

associated with a permanent price impact.
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Table 2- 6: Permanent Price Impact of Trades Controlling for Size and Time
between Trades- Post-Anonymity

This table provides OLS regression results for the following model: P; = o« + ﬁlDLSéerqe +

Size Time Time 81 Broker
B2Dwegium + BsDsnort + BaDyedium + PsDsameprorer T 2i=2 ViDit + &

Where P; is the natural log of the return of the bid-ask midpoint from six trades before to five trades

after the second of the two consecutive trades in the same direction, named trade ¢. Dfézri;e and

Djize.  are transaction size dummy variables which identify whether transaction ¢ is a large of
medium sized trade. Trade pairs are ordered from largest to smallest by their average size. The
largest 2% are the “large” trades, the smallest 55% are “small” trades and the remaining 43% are

“medium” trades. Dipmé and Dfim¢ — are dummy variables stating whether the time preceding

trade ¢ is short or medium. Short time intervals are the smallest 2% of intervals between trade pairs,
for each stock. Long-time intervals are those in the bottom 55% and medium time intervals are the

remaining 43%. Dsame, . vor 15 @ dummy variable that equals 1 if the trade pair is an experimental

pair, otherwise 0. D% is a dummy variable that equals 1 if the trade is initiated by broker i,

otherwise 0. The model is run for the constituents of the All Ords as of 28 November 2005, for the
period 28 November 2005 to 27 June 2007. All ¢ statistics are adjusted for autocorrelation and
heteroskedasticity using the procedure of Newey and West (1987). All means and standard errors are
multiplied by 100.

Variable Buyer-Initiated Seller-Initiated
Intercept 0.025 -0.150%**
(0.30) (-3.03)
Dfze 0.188%#* -0.080%%*
(5.04) (-7.53)
Diegium 0.018%* 20.033%%%
(2.25) (-7.55)
DEime, 0.027 0.004
(0.96) (0.28)
plime 0.001 -0.004
(0.05) (-0.26)
Dsameyyorer -0.005 -0.008*
(-0.63) (-1.80)
Mean = 0.0004 Mean =0.162

Statistics of D °*e”

F
Adjusted R?

Median = 0.018
Percentile 90" — 10" = 0.002
Significant (1%) = 0%

1.71%*
0.006
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The stealth trading hypothesis predicts that informed traders will concentrate their
trades on medium sizes to conceal information. Like Frino et al. (2010 b), we

introduce the interaction variables Dsgme, ... X Diccoes Dsameproner X Pitogium and

Dsamey,oper X D$iZ¢, to test the incremental effect of experimental pairs across the
three size groups. Frino et al. (2010 b) find that medium-sized, successive, same-
direction trades from the same broker will move prices more than large trades. Table
2-7 presents the OLS regression results associated with Equation (2.3) prior to the
introduction of anonymity. Consistent with Frino et al. (2010 b), we find a positive
and significant coefficient on Dgame,, ... X Difsgium fOr buyer-initiated trade pairs.
This suggests that same-broker medium-sized transactions convey incremental
information. Therefore, we fail to reject H; for buyer-initiated transactions. However,
we do not find the same result for seller-initiated transactions. We reject H for seller-

initiated transactions and conclude that our results are partly consistent with the stealth

trading hypothesis.
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Table 2- 7: Additional Analysis of the Permanent Price Impact of Different-Sized
Same Broker Trades: Pre-Anonymity

This  table  provides @ OLS  regression  results for the  following  model:
— si Si Ti Ti si
Py = + B1Dii%e + BaDiisgium + B3Dsnore + BaDyeogium + Bs(Dsamey,oper X Didrge ) +
si Si 81 Brok :

Be(Dsamepyorer X Ditedium ) + B7(Dsameyyoner X Démau ) + Xiz2 ViDEL " + . Where P; is the
natural log of the return of the bid-ask midpoint from six trades before to five trades after the second
of the two consecutive trades in the same direction, named trade t. Df,izrfqe and DyiZé. . are
transaction size dummy variables which identify whether transaction ¢ is a large of medium sized
trade. Trade pairs are ordered from largest to smallest by their average size. The largest 2% are the
“large” trades, the smallest 55% are “small” trades and the remaining 43% are “medium” trades.

DSTAI,”T‘; and D,E,igg,fum are dummy variables stating whether the time preceding trade ¢ is short or

medium. Short time intervals are the smallest 2% of intervals between trade pairs, for each stock.
Long-time intervals are those in the bottom 55% and medium time intervals are the remaining 43%.
Dsamep,oper 18 @ dummy variable that equals 1 if the trade pair is an experimental pair, otherwise 0.
DFr oker is a dummy variable that equals 1 if the trade is initiated by broker i, otherwise 0. The model
is run for the constituents of the All Ords as of 28 November 2005, for the period 28 June 2004 to 27
November 2005. All ¢ statistics are adjusted for autocorrelation and heteroskedasticity using the

procedure of Newey and West (1987). All means and standard errors are multiplied by 100.

Variable Buyer-Initiated Seller-Initiated
Intercept -0.080%** 0.067***
(-4.28) (3.57)
Dfze . 0.085%#%* -0.070%%*
(3.68) (-5.59)
Dyize. 0.020%*x* -0.038***
(4.29) (-7.42)
Difmé 0.048% % 20.003
(4.01) (-0.29)
plime 0.002* -0.001
(1.87) (-0.04)
Dsamey orer X DiiSe 0.006 -0.105
(0.19) (-0.18)
Dsamey oper X Dites 0.009%* -0.080
(2.01) (-0.14)
Dsamey oper X Doizey; 0.014* -0.085
(1.65) (-0.15)
Mean = 0.060 Mean = -0.061
. Median = 0.053 Median = -0.053
Statistics of D{ " Percentile 90% — 10 = 0.160 Percentile 90 — 10 = 0.159
Significant (1%) = 28.92% Significant (1%) = 34.15%
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F 8.04%** 6.53%**
Adjusted R? 0.007 0.006

The OLS regression results from Equation (2.3) are presented in Table 2-8. The size
interaction variables are all statistically insignificant at the 0.05 level at least.
Consistent with our expectations, trades in the medium and large size categories no
longer convey incremental information and we fail to reject H,. Therefore, the stealth
trading hypothesis, reaffirmed partly in Table 2-7 and by Frino et al. (2010 b), is no
longer as relevant. As traders, can now trade anonymously, the need for stealth trading

is reduced and this is supported by our results.
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Table 2- 8: Additional Analysis of the Permanent Price Impact of Different-Sized
Same Broker Trades: Post-Anonymity

This  table  provides @ OLS  regression  results for the  following  model:
Pi = + ﬁlDLScierfqe + ﬁZDIf/IieZSium + ﬁ3Dgf€eri + ﬁ4D171:Iier?u€um + ﬁS(DSamebmker X DLSciziege) +

36 (DSamebmker x lefliezgium) + ﬁ7 (DSamebmker X D.grirfgll) + ?:12 yiDil,?tmker + €. Where P; is the
natural log of the return of the bid-ask midpoint from six trades before to five trades after the second
of the two consecutive trades in the same direction, named trade t. Df,izrfqe and DyiZé. . are
transaction size dummy variables which identify whether transaction ¢ is a large of medium sized
trade. Trade pairs are ordered from largest to smallest by their average size. The largest 2% are the
“large” trades, the smallest 55% are “small” trades and the remaining 43% are “medium” trades.
pIime and D,E,igg,fum are dummy variables stating whether the time preceding trade ¢ is short or
medium. Short time intervals are the smallest 2% of intervals between trade pairs, for each stock.
Long-time intervals are those in the bottom 55% and medium time intervals are the remaining 43%.
Dsamep,oper 18 @ dummy variable that equals 1 if the trade pair is an experimental pair, otherwise 0.
DPrke" is a dummy variable that equals 1 if the trade is initiated by broker 7, otherwise 0. The model
is run for the constituents of the All Ords as of 28 November 2005, for the period 28 November 2005
to 27 June 2007. All ¢ statistics are adjusted for autocorrelation and heteroskedasticity using the
procedure of Newey and West (1987). All means and standard errors are multiplied by 100.

Variable Buyer-Initiated Seller-Initiated
Intercept 0.030 -0.147%**
(0.36) (-2.98)
Dfze . 0.228%#% -0.087%%*
(4.32) (-5.78)
Djiégium 0.008 L0.036%%*
(0.97) (-5.92)
Dino: 0.028 0.004
(0.97) (0.28)
Dyaum 0.001 -0.004
(0.06) (-0.26)
Dsamey orer X DiiSe -0.092 0.000
(-1.25) (0.03)
Dsamepsorer X Dited 0.008 -0.006
(0.64) (-1.03)
Dsamey oper X Doizey; -0.013 -0.013*
(-1.21) (-1.94)
Mean = -0.0007 Mean=0.161

Statistics of D °*e”

Median = -0.017
Percentile 90" — 10" = 0.206
Significant (1%) = 0%
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Percentile 90" — 10% = 0.203
Significant (1%) = 5.11%



F 1.70%* 4.56%**
Adjusted R? 0.006 0.005
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2.5. Conclusion

This chapter tests whether the conclusions drawn from Frino et al. (2010 b) still hold
after the introduction of anonymity by the ASX on 28 November 2005. Frino et al.
(2010 b) find that prior to the introduction of broker anonymity, the market attributes
greater information content to successive same-direction trades when a single broker
initiates these transactions rather than by different brokers. Therefore, broker identities

convey information.

The introduction of anonymity on the ASX provides an excellent natural experiment
to investigate broker behaviour. Using the constituents of the All Ords as our sample
of stocks, the evidence for it clarifies that prior to the introduction of anonymity to the
ASX, the identity of the broker involved in two consecutive trades conveys
information to the market. This is true both in isolation and when considered as a
conditional variable when interpreting two same-direction, sequential trades and is
consistent with the findings of Frino et al. (2010 b). Using information not available to
the market at the time of trading about broker identity, the assertion can be supported
that market participants no longer attribute greater information content to successive
uni-directional trades by a single broker compared to successive uni-directional trades
by different brokers following the introduction of anonymity. While we infer the
information content of the same trading patterns pre- and post-anonymity, this chapter

does not address the changes in trading strategies borne out of anonymity.
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Consistent with the stealth-trading hypothesis, Frino et al. (2010 b) also find that
trades through the same broker convey greater information when they are medium-
sized trades compared to trades that are categorised as small or large. Prior to the
introduction of anonymity, the evidence supports that medium-sized trades convey
more information that large trades for buyer-initiated trades. However, we do not find
any difference between medium- and large-sized trades for seller-initiated
transactions; indicating that our evidence partly supports the stealth-trading
hypothesis. Subsequent to the introduction of anonymity, we find that trades in the
medium and large size categories no longer convey incremental information (for

buyer- and seller-initiated trades) as the need for stealth trading is reduced.

We have shown that trader motivation is now concealed through anonymity and
consecutive transactions by the same broker no longer convey disproportionate
information to the marketplace. Frino et al. (2010 b) states trading structures that allow
market-order traders to remain anonymous are likely to reduce the speed of adjustment
to private information. Hence, transparent trading platforms may be associated with
greater informational efficiency on the ASX. However, it can also have argued that
anonymous markets lower the likelihood of ‘front-running” and ‘piggybacking’ which
in turn reduce the chance of over-extending the price discovery process, an additional
advantage to the enhanced liquidity identified in Comerton-Forde et al. (2009). The
findings are consistent with Linnainmaa et al. (2012) who suggest greater liquidity
occurs at the expense of informational efficiency. As prices, do not adequately adjust

to order flow, informed investors can greater profit from their informational
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advantage. As these profits are attained at the expense of uninformed investors, the

question must be asked if liquidity has improved to society at large.

These findings can be interpreted in light of Comerton-Forde et al. (2009).
Supplementary to Comerton-Forde et al. (2009), a more complete picture is presented

when assessing the market quality impact of broker anonymity on the ASX.
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Chapter 3: The Impact of Analyst Coverage on Market
Efficiency

3.1. Introduction

In July 2012, the ASX introduced the Equity Research Scheme (ERS). Under the ERS,
the ASX funds analyst coverage of stocks that were previously not followed'®. The
ASX coordinates the participating firms with a list of analysts from a panel of licensed
analysts in Australia. The objective of the ERS is to increase the level of information
and the liquidity of ASX listed stocks. This chapter finds that the release of the

initiation reports is a significant and informative event for market participants.

With the level of information for small and medium market-capitalisation companies
declining, analysts with limited resources tend to cover large (rather than small)
companies, resulting in asymmetric coverage'’. Reasons for the decline include
greater liquidity and fees of larger stocks, market capitalisation restrictions on
portfolio holdings, stricter regulation preventing selective disclosure’® and the
increasing market share of low-cost brokers. Rapoze (2011) also notes that investment
banks have cut their research teams subsequent to the Global Financial Crisis (GFC).
In 2005, Bob Greifeld, CEO of NASDAQ, stated that ... a lack of research coverage

impacts company valuation, liquidity, and ultimately the welfare and growth of public

18 Some weakly-followed stocks were also included, typically those covered by small brokerage
houses.

1%1n 2005, the CEO of NASDAQ, Rob Greifeld, stated that 35% of all publicly traded US firms had no
analyst coverage.

20 As per the SEC’s Fair Disclosure Regulation FD in 2004, all U.S. publicly traded firms were required to
disclose material information to all investors.
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companies.” Asymmetric coverage may also lead to inefficient capital raising in Initial
Public Offerings (IPOs), poor quality reports and a lack of investor interest for small

firms.

Exchanges and regulators worldwide have attempted to address the decline in research
coverage. One approach is an exchange-sponsored research program (Cavinet, 2009).
Under such programs, investment firms are required to commence and continue
coverage in exchange for a fee. Firms that were not previously covered by analysts are
typically selected. This chapter conducts an event study around the introduction of the
ERS by the ASX. We assess liquidity components, informational efficiency and
cumulative abnormal returns to determine whether exchanges and market regulators
should intervene to exogenously increase the levels of research coverage when it is

currently low.

The existing literature examines markets where analysts working for brokerage houses
may be motivated to construct biased reports (McNichols et al., 1997). Analysts that
have a prior relationship with the firm are more inclined to issue more favourable
reports than unaffiliated analysts (Dugar et al., 1995). Francis et al. (1993) suggest that
analysts attempt to appease firm management as they are a source of analyst
information. Under the ERS, analysts are directly compensated for their coverage. The
ASX matches firms with analysts, adding a level of independence to coverage

initiation. The ERS represents a clean event to examine research coverage.
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Our results are generalizable to global financial markets as similar schemes have been
introduced in recent years. In 2003, the Singapore Stock Exchange (SGX)
implemented the Research Incentive Scheme (RIS). In 2005, Bursa Malaysia launched
the Capital Market Development Fund (CMDF) — Bursa Research Scheme, cantered
on medium to small capitalised companies. In 2010, NASDAQ-OMX expanded an
arrangement with Morningstar to comprehensively prepare analyst research reports on
NASDAQ-listed companies. To address concerns of low information for small stocks,
NYSE Euronext requires Virtua Research to publicise financial models of under-

researched companies.

Prior studies focus on dealership markets where exogenous market makers are
compensated for supplying liquidity. The commencement of research coverage has not
been studied in a pure order-driven market where public traders supply liquidity
without any intervention from market makers. As a result, there is an increased
prevalence of information asymmetry in markets with quoted spreads. Using the price
delay measure developed by Hou et al. (2005), we find that stocks exhibit greater
informational efficiency following the introduction of the ERS. This is consistent with
Holden et al. (1992) and Foster et al. (1993). Studying order-driven markets — and by
implication the ASX — may lead to alternative findings that have wider implications

for understanding the information structure of equity markets.

The institutional structure of the Australian equity market differs to those of the U.S.
In the U.S, analyst reports are released to the private clients and the public
simultaneously. By contrast, analyst recommendations are not released immediately to
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the public in Australia. This allows for a cleaner examination of the issue, as the
public effect can be disentangled from the private effect. Increased informational
efficiency suggests that the ERS has been successful in improving the lengthier price
discovery process that may be expected due to the staggered release adopted in
Australia. This can result in a more prolonged abnormal return structure which is
observed when assessing cumulative abnormal returns over four intervals up to 12
months. We note that the ERS was responsible for positive abnormal returns following

the release of the initiation reports.

Analyst coverage attracts significant attention from both investors and firms. Jensen et
al. (1976) state that security analysts can reduce the agency costs associated with the
principle-agent problem?!. They also argue that the value of analyst coverage is
reflected in the higher capitalized value of the ownership claims to corporations.
Merton (1987) and Chang et al. (2006) claim that the market value of a company is
positively correlated with the number of analysts following that company. Financial
analysts play a key role in mitigating information asymmetry and enhanced corporate
governance (Dyck et al., 2010). Karpoff (1986) states that as information homogeneity
rises following the initiation of analyst coverage, trading activity will increase.
Following the introduction of the ERS by the ASX, we note improvements in
liquidity, namely the time-weighted proportional bid-ask spread, volume and turnover.
This is also consistent with Kyle’s (1985) model which predicts that market

participants become more confident about the ‘true’ value of the security.

21 problems associated with the separation of ownership (shareholders) and control (managers).
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Section 2 provides a review of the extant literature and details the tested hypotheses.
Section 3 provides a detailed description of the methodology employed. Section 4

presents the findings and Section 5 concludes.

3.2. Literature Review and Hypotheses Development

This section invokes the literature and intuitive considerations associated with the
introduction of the ERS by the ASX in 2012 to formulate several hypotheses to be

tested.

3.2.1. Information Asymmetry

The relationship between information asymmetry and liquidity has been well
documented in the extant literature. A security is likely to be more liquid when
information asymmetry is low; less-informed investors are less willing to trade if they
know there are better-informed investors (Akerlof, 1970; Glosten et al., 1985). This is
supported empirically by studies such as Welker (1995) and Bartov et al. (1996) who
find an increase in the number of trades and trading volume once information
asymmetry is reduced. This can be explained by the reduction in adverse selection
costs as investors become better informed (Blume et al., 1994; Kim et al., 1997).

Intuitively, investors are more likely to trade when they are well informed.

As reviewed in Section 2.2.1., the overriding theme of the competing evidence is that
asymmetric information is detrimental to the functioning of capital markets. There is

incentive for regulators and exchanges to make investors better-informed.
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3.2.2. The Role of a Financial Analyst

There are various means an investor can use to gather information. Examples include
newspapers, investment newsletters, the internet and analyst reports. However, not all
investors have the time to collect all of the relevant information, nor do they all
possess the financial knowledge to dissect it. As a result, financial intermediaries such
as stock analysts are relied upon to provide the information necessary to make an
investment decision. In 2001, Healy et al. discuss the role of disclosure, information
and financial intermediaries in the working of capital markets. They present a
diagram, shown in Figure 3-1, which highlights the role of intermediaries in the flow
of capital and information. While individuals can communicate directly with
businesses, intermediaries are often used due to their expertise. Financial analysts
collect information from all sources, both private and public, to assess firm
performance and make predictions about the company’s future prospects. Womack
(1996) and Boni et al. (2006) suggest that financial analysts do disseminate new and
important information after they find positive price changes following the release of

analyst reports.
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Figure 3- 1: Financial Information Flows in a Capital Market Economy
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Financial analysts collect information from all sources, both private and public, to
assess firm performance and make predictions about the company’s future prospects.
Karpoff (1986) state that analysts’ views and outlooks encourage investors to trade on
the asset. Womack (1996) and Boni et al. (2006) suggest that financial analysts do
disseminate new and important information after they find positive price changes

following the release of analyst reports.

In the monitoring of firm performance, financial analysts liaise closely with the
company’s management. Therefore they are believed to have better access to material
information than retail investors. Hong et al. (2000) state that analysts reduce stock
misevaluations. The information asymmetry — among investors and between managers

and shareholders — is reduced by financial analyst reports (Doukas, et al., 2005). As
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financial analysts publicise their findings they lessen the advantage of investors with
inside knowledge and improve the informational efficiency of capital markets (Chung

et al., 1996, Moyer et al., 1989).

The role of financial analysts has also shown to be beneficial to the integrity of
financial markets. Due to the close monitoring of firm performance, Dyck et al. (2010)
find that analysts can identify earnings management and financial fraud reporting. In
2008, Yu revealed that analyst coverage prompt companies to reduce earnings
management. As the efficiency and integrity is improved by financial analysts,
investors typically trade on their reports (Mihail et al., 2007). Financial analysts can
also be beneficial to firms with a survey from Graham et al. (2005) finding that CEOs

believe financial analysts are influential in determining the company’s stock price.

Financial analysts are therefore crucial to all market participants: investors, companies
and exchanges. Through their information-collecting process and engagement with
firms, security analysts play a role in reducing the information asymmetry inherently
established between participants with inside information and those without. As the
financial analysts’ reports are distributed, more investors are better informed and
simultaneously, the advantage that insiders have is significantly reduced. As more
investors become informed, asset prices become more informative and efficient. As a
result, the job that security analysts do in reducing information asymmetry leads to

more efficient prices and thereby creates demand for such a role in the capital market.
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3.2.3. Analyst Impact on Liquidity, Prices and Information Asymmetry

Financial analysts use their expertise to gather and interpret information. A substantial
body of literature suggests that financial analysts do provide valuable information to
the market. Ivkovic et al. (2004) attribute this to the ability of security analysts to
better identify and interpret material information than the majority of market
participants. Boni et al. (2006) contend that analysts have greater stock picking
abilities within their given industry. They find a significant price reaction following a
recommendation revision in industry. The greater merit and advisory power of analyst
recommendations can be attributed to the qualitative component of the report. Aspects
of firm operations such as managerial abilities or intangible assets that do not appear

in the quantitative signals we examine in analyst findings (Jegadeesh, 2004).

The literature on analyst coverage and stock prices suggest that analysts do have
predictive ability, evidenced by the positive price reaction following the release of a
report. Analysts’ buy (sell) recommendations tend to have a positive (negative) impact
on security prices (Stickel, 1995). The degree of the price impact was found to be
positively related to the reputation of the analyst, the strength of the recommendation
and the marketing ability of the brokerage house. This is supported by Elton et al.
(1986) and Womack (1996) who note that firms who receive buy (sell)

recommendations tend to earn higher (lower) abnormal returns.

In a global setting, Jegadeesh et al. (2006) explore the importance of analyst
recommendations in the Group of Seven (G7) companies’ securities in all countries

aside from Italy. Stock prices continued to move in line with the recommendation for
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two to six months. This supports the notion that asset prices adapt accordingly to the
release of new information and that financial analysts are integral for efficient pricing

in capital markets.

As security analysts release information to the market, investors become more
informed and are more likely to trade. Both Chan et al. (1996) and Liu et al. (1990)
note the increase in trading activity subsequent to the release of analyst
recommendations. Holden and Subrahmanyam (1992) attribute this this to more
efficient stock prices while George et al. (1994) believe that the lower cost of adverse

selection makes investors more likely to trade.

The relationship between analyst coverage and market liquidity is well-documented in
the literature. Considering analysts as informed traders, Brennan et al. (1995) find that
the presence of financial analysts decreases the adverse selection component of the
bid-ask spread as the competition amongst informed traders is enhanced. Admati et al.
(1998) also suggest that an increase in informed traders results in greater liquidity.
Chung et al. (1995) highlight the importance of financial analysts and market makers
interactively determining the liquidity of an asset. They suggest that market makers
note how many financial analysts are following a stock to deduce the adverse selection
component of the spread. This stems from the belief that more financial analysts exist

for stocks with greater information asymmetry.

As the presence of financial analysts lead to positive price reactions and increased

liquidity, it follows that they also improve the efficiency of security prices. As the
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number of informed investors, including financial analysts, rise, stock prices reflect
information more quickly (Holden et al., 1992 and Foster et al., 1993). Chatfield et al.
(1989) and Kim et al. (1997) both show that asset prices incorporate new information
quicker when they are followed by more analysts while Brennan at al. (1993) and
Hong et al. (2000) find empirical evidence showing that firms with lower analyst

coverage react slower to new information.

To provide further evidence to show that financial analysts are beneficial to financial
markets, recent studies have assessed the impact of terminating analyst coverage.
Derrien et al. (2013) provides empirical evidence showing that lowering analysts’
coverage results in higher information asymmetry which hence increases the
company’s cost of capital. Earlier studies such as Stiglitz et al. (1981) and O’Hara
(2004) also note the positive relationship between information asymmetry and the cost
of capital from a theoretical standpoint. The clear message derived from the literature
is that analyst coverage reduces information asymmetry by conveying valuable
information, thereby leading to more efficient prices. We therefore develop the

following hypotheses:

H;: Asset prices will be more efficient following the initiation of analyst coverage for
the ERS stocks relative to a matched sample of non-ERS stocks that have not received

any new recommendations for one year, ceteris paribus.
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H,: There will be greater liquidity for ERS stocks relative to a matched sample of non-
ERS stocks that have not received any new recommendations for one year following

the initiation of analyst coverage, ceteris paribus.

3.2.4. Initiation of Analyst Coverage

A significant amount of time and resources are expended in producing analyst reports.
Types of analyst reports typically include an initiation report or a continuation report.
If a firm has not previously received any analyst coverage, its first report is the
initiation report. All subsequent reports are continuation reports. Chan et al. (2006)
highlight the importance of an initiation report. An initiation report is a concerted
effort to persuade investors to trade on a security that has not previously been
researched. Continuation reports are more meaningful when there is a change in
recommendation. Naturally, the risks associated with producing an initiation report are

larger than that of producing a continuation report.

As the first research report issued on a firm, an initiation report represents a
noteworthy landmark for the company. Recent studies such Demirogulu et al. (2010)*
highlight the abnormal return structure following an initiation report. An initiation
report brings the security to the public eye and firms can benefit from this publicity.
Investors are more likely to trade in covered companies as the awareness and

information of the firm increases (Irvine, 2003 and Kim et al., 1997).

22 Other, previous studies include Branson et al. (1998), Irvine (2003) and Chan et al (2006).
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Investors rely on financial analysts to gather information as they do not have the time
or expertise to do so themselves. Fundamental to the success of this relationship is
objective reporting. Lin et al. (1988) finds that despite having a positive price impact,
there is significant evidence of bias in analyst reports. Bias may occur when analysts
source information from impartial management (Lim, 2001). Michaely et al. (1999)
state that ‘buy’ recommendations from underwriter analysts are perceived as bias.
Investment banking relationships have come under increased scrutiny in recent years
with 10 of the largest U.S. brokerage firms ordered to pay a $1.4 billion settlement for
the conflict of interest in analyst reports in 2003. Further supporting the existence of

bias, Womack (1996) finds that analysts rarely issue negative recommendations.

A number of studies have found significant abnormal returns following the release of
initiation reports. Demiroglu et al. (2010) find that positive recommendations lead to
higher returns than negative ones. Peterson (1987) identify abnormal returns for firms
that had an initiation report published in the investment newsletter ‘Value Line
Investment Survey’. In 1997, Kim et al., analyse the returns following initiation
reports for stocks listed on the NYSE/AMEX and NASDAQ and find abnormal
returns of 4% and 7% respectively. Similar findings are also noted in Branson et al.
(1998). Irvine (2003) document that the price reaction is greater for initiation reports

than it is for continuation reports.

Significant abnormal returns following an initiation report are also identified in the
Australian market. Chan et al. (2006) note returns that are significantly different from
zero over a 6 month horizon following the release of an analyst report. Unlike many
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other studies, they do not find a difference between the returns observed following an
initiation report and those realised subsequent to a continuation report. The market
participants did consider the information revealed in an initiation report to be of
greater value than that contained in the corresponding continuing report. In 2011,
Comerton-Forde et al., replicate the techniques used in Chan et al. (2006) with a
shorter, 10 day, event window. For ‘hold’ and ‘sell’ recommendations, the stocks with
initiation reports had more negative abnormal returns than those with continuation

reports. This is in contrast to Chan et al. (2006)’s findings.

The literature thus far has produced mixed evidence in support for research coverage

initiated by exchanges, therefore we develop the following hypothesis:

H;: ERS stocks will experience a greater price reaction than a matched sample of non-
ERS stocks that have not received any new recommendations for one year following

the initiation of the ERS, ceteris paribus.

3.3. Methodology

3.3.1. Sample and Data Sources

We select a primary event window of 6 months either side of the initiation report. This
includes the 44 firms chosen in the pilot and second stage of the ERS and results in a
period of 1 March 2011 to 1 October 2013. To supplement our analysis and confirm

the robustness of our results, we extend the sample period to a 12-month event
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window. Financial analyst firms, report release dates and the stock recommendations

for the ERS stocks are sourced directly from the ASX.

We predict that the information efficiency and liquidity and price performance of the
ERS stocks will improve following the release of the initiation report. To test this, we
construct a matched, control sample from a sample of stocks that have not received
any new recommendations or earnings predictions?® for one year. We begin with all
ASX listed firms. Analyst coverage data is sourced from the I/B/E/S database,
accessed through Wharton Research Data Services (WRDS). This database is updated
monthly with stock recommendation and earnings forecast data. From the I/B/E/S
Forecast Details History File and the I/B/E/S Recommendations Detail History File,
we determine the stocks had received some new recommendation or earnings forecast
in the year preceding 1 March 2011. We remove these firms. To determine the control
sample, each ERS firm is matched with a unique firm with the same industry
classification and similar market capitalisation. This results in an experimental and

control sample consisting of 44 stocks each.

Quote and trade data is sourced Thomson Reuters Tick History (TRTH) database. For
each security®®, we obtain the 1 minute intra-day open bid, close bid, open ask and
close ask and the end of day high price, low price, volume and turnover. Best level

market depth is also sourced from TRTH.

23 Earnings forecasts signify that the stock has received coverage from a financial analyst.
24 We also attain this data for the ASX All Ordinary Index. This is required for the analysis on
Information Efficiency, detailed in Section 3.3.2.
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Finally, listing dates, industry classifications and market capitalisation data is attained

from DatAnalysis Premium.

3.3.2. Information Efficiency

We predict that security prices of the ERS stocks will be more efficient following the
initiation of analyst coverage. The measure we employ to ascertain information
efficiency is the stock’s short-term return predictability; it’s price delay. To calculate
the stock’s price delay, we adopt the method developed in Hou et al. (2005). We select
this approach to simplify the interpretation of our informational efficiency measure.
To measure the informational efficiency of a selected stock, we only wish to include to
include the response to market return shocks. An alternative approach is the variance
ratio provided in Lo et al. (1990). By not selecting this approach we avoid the
potential concern of interpreting price delays that would occur when individual stock
lags were included. For example, Lo et al. (1990) find positive portfolio return
autocorrelation, but negative individual stock return autocorrelation due to cross-
correlations among stocks. The approach developed by Hou et al. (2005) determines
the stock’s short-term return predictability, to the degree that market returns play a
role in forecasting the stock’s midquote return. If a stock is priced efficiently, it will

quickly adjust to market-wide information

For each trading day, the 1-minute midquote stock returns, 7; ,, are determined. We
then regress 7;., on l-minute ASX All Ordinaries Index (All Ords) market index
returns, 7y, ¢, and return of ten lags, &; ; x, as follows:
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_ 10
Titr = Qi¢ T ﬁi,trm,t,r + Xk=1 5i,t,k7'm,t,r—k + Eitr- (3.1)

Pi: captures the immediate reaction to market-wide information. If §;is
significantly different from zero, then there is a delay in the price reaction to news.
Equation (3.1) determines the delay in price reaction to market-wide information
should expected retains be relatively stable. 7., is a low-frequency measure of
relative frequency which is appropriate as both Mech (1993) and Swaminathan (2000)

state that expected returns are comparatively constant over a short period of time.

Next, we restrict the coefficients on the lagged market return to zero, ;. = 0,Vk
and re-estimate the equation. The delay measure is then calculated in the following

way:

RZ . .
Delay;, = 100 (1 - Rf“—"‘“> (3.2).
Unonstrained,it

Delay; . ranges from 0 to 100 and reveals the discrepancy in a stock’s intraday return
that is attributed to the lagged market return. The closer Rionserainedic 1S tO
R?,nonstmined’i,t, the less we can attribute the lagged market returns to the stock’s

return, and the higher the informational efficiency. Hence the higher the value of

Delay; ., the lower the informational efficiency.
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3.3.3. Liquidity

We predict that there will be greater liquidity for ERS stocks subsequent to the
initiation report. Black (1971) contends that liquidity is a complex concept that
incorporates tightness, depth, resiliency and immediacy. Consequently, in this chapter
we focus on four measures of liquidity: the bid-ask spread, depth, volume and

turnover.

The time-weighted proportional bid-ask spread measures the cost of trading. First, the
proportional bid-ask spread must be determined using the best bid, best ask and

midpoint as follows:

Ask;— Bid;
PBAS; = ﬁ (3.3)
2

Each spread observation i is then adjusted for the proportion of time that the quote is
active during the trading day j (T;):

PBAS; T

= .
Yi=1Tj

TWSl =

(3.4)

Finally, to compute the daily time-weighted proportional bid-ask spread, all the TW'S;

for day ¢ are summed:

TWS;; = Yi_, TWS; . (3.5)
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As we are studying the events surrounding a structural change?’, we consider the depth
component of liquidity. When dealers receive information, they often adjust depth in
response (Lee et al., 1983). To measure depth, the quantities at the best bid and ask are

summed. Depth is time-weighted using the same technique as above:

(3.6)

TWD;, = Y1_,TWD,, (3.7)

where D; is the depth amount, and T; again refers to the time that the depth quote was

active during the trading day.

The trade —based measures of liquidity selected in this chapter are trading volume and
turnover. We select turnover as it is highly correlated with various measures of market
depth and bid-ask spreads (Chordia et al., 2000) and thus measure Turnover;, as the
daily dollar value of traded shares. Trading volume is a pertinent determinant of the
bid-ask spread (Stoll, 1978) and we measure Volume;, as the average trading volume

for each stock day.

3.3.4. Price Reaction

We predict that ERS stocks will experience a positive price reaction after the initiation

of the ERS, compared to our matched sample. This chapter focuses on abnormal

% Early empirical studies, testing seminal theoretical models, consider only the bid-ask spread
components of liquidity.
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returns (ARs) at three intervals following the initiation date. Consistent with Comerton
Forde et al. (2011), our first interval is selected at two weeks following the initiation
report. The final intervals are at 3 and 6. First, we determine the expected return, Ry, ¢,

of each stock using the Capital Asset Pricing Model (CAPM):

Rt = Rf + Bin(Rm — Ry) + &y (3.8)

The AR is then calculated as the difference between the stock’s actual return, R; ¢, and

Ry, ¢

ARit = Ryt — Ryt - (3.9)

We determine the mean of the daily ARs by averaging across the sample and compute

the cumulative abnormal returns (CARs) by summing the ARs:

CAR;; = YI_1 AR, . (3.10)

The stated objective of the ERS is to increase the trading activity of small stocks. To
test this, we estimate cumulative abnormal volume (CAV) around the initiation report.
We begin by determining the expected volume, V,,,, of each stock using a market

model:

Vine = Bo + Bin(Vin) + &m . (3.11)

The abnormal volume (AV) is then calculated as the difference between the stock’s

actual trading volume, V; ., and V,,,
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AVi,t = Vi,t - Vm,t . (312)

We determine the mean of the daily AVs by averaging across the sample and compute

the cumulative abnormal volumes (CAVs) by summing the AVs:

CAVy = ST, AV, . (3.13)

3.3.5. Regression Analysis

We begin preliminary regression analysis by running a standard OLS model. The

regression is specified as follows:

In(y;s) =« + piEvent;, + f,MarketCap; + P3Price;: + B,Volatility;, + &,

(3.14)

where y; . represents our various liquidity metrics as well as Delay;,. We use a
logarithmic transformation to minimise the skewness of results; leading to better
distributional structure (Benston et al., 1974). Our primary variable of interest,
Event; ., takes the value of 1 if day ¢ occurred in the post-event window, and 0
otherwise. We run this model for both the experimental and control sample for the

following specifications: size of the firm, share price and price volatility.

When more information is available for a firm, investors are more likely to trade.
Aitase (1985) states that company size can be used as a proxy for the amount of
information obtainable regarding the firm. Further, as more information is available,

the adverse selection component of the bid-ask spread is lowered (Chiang et al., 1998);
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suggesting that firm size has a negative relationship with the bid-ask spread. Both
Desmetz (1986) and Chae (2005) find that smaller firms have higher levels of
information asymmetry than larger firms. Therefore, we consider the size of the firm
in our regression analysis. Consistent with Brooks (1994), we use the natural
logarithm of the market capitalisation at the beginning of the sample period,

MarketCap; to proxy for firm size.

According to Roulstone (2003), spreads and stock prices are closely related. Low-
priced securities generally have higher bid-ask spreads due to the discreetness in their
tick-sizes (Jegadeesh et al., 1993 and Walker, 1995). Further, Atigg et al. (2006) find
that share prices are negatively related to information asymmetry. As a relationship
between stock prices and both liquidity and information efficiency is evident, we
include the natural logarithm of the closing daily share price, Price;,, as a control.

This is consistent with Roulstone (2003).

Market makers become more uncertain about the cost of holding an asset as volatility
increases (Roulstone, 2003). To cover this additional risk, market makers respond by
increasing the bid-ask spread. Both Stoll (1978) and Jegadeesh et al. (1993) provide
evidence to support the notion that there is a positive relationship stock price
variations and market volatility. To the extent that volatility reflects some level of
uncertainty about the value of the company, the information asymmetry problem
arises. We include volatility as a control in our regression analysis and calculate
Volatility;, as the natural logarithm of the ratio of the day’s highest price divided by

the lowest price
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To ascertain whether the ERS had a positive impact on information efficiency, market
liquidity and price reaction, we run the following difference in difference regression

model:

Ln(y;;) =« + ByEvent;, + B,ERS; + Bs(Event;, X ERS;) + B,MarketCap; +

psPrice; + PgVolatility;, + &, (3.15)

where ERS; is a dummy variable that takes the value of 1 if stock 7 is an ERS stock
and 0 if it as a control stock. Difference in difference regression analysis is used when
comparing the pre- and post- treatment differences in the outcome of a treatment and a
control group. Equation (3.15) calculates the effect of the ERS on y;, by comparing
the average change over time in the for the ERS sample to the average change over
time for the control sample. Our primary variable of interest is the interaction variable,

Eventi,t X ERSi't.

3.4. Results
3.4.1. Descriptive Statistics

Table 3-1 reports the descriptive statistics on the stock-day information efficiency,
liquidity and control metrics for the ERS sample, pre- and post- event date. Panel A,
reporting the statistics for our information efficiency metric, Delay;,, shows
improvements in both the mean and median following the initiation report. A
reduction in the standard deviation also indicates that the information efficiency of

ERS stocks is less volatile. Panel B suggests that there are slight liquidity
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improvements through the time-weighted proportional bid-ask spread and trading

volume, however the time-weighted best-depth appears to have decreased.
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Table 3- 1: Descriptive Statistics of Liquidity and Efficiency Measures for ERS Stocks

This table provides summary statistics of the information efficiency and liquidity measures during the pre-change and post-change for ERS stocks. Delay; ,
measures intraday midquote return predictability using lagged market returns. TWS; ; refers to the natural logarithm of the daily time-weighted proportional
spread. TWD,; ,refers to the natural logarithm of the daily time-weighted depth at the best bid and ask. Turnover; ; refers to the natural logarithm of total daily
shares turnover. Volume; , refers to the natural logarithm of the average daily trading volume. Price; ; refers to the natural logarithm of the daily closing stock
price.. Volatility; . is the natural logarithm of the ratio of the day’s highest price divided by the lowest price.

Mean Median Standard Deviation Skewness

Panel A: Information Efficiency Pre Post Pre Post Pre Post Pre Post
Delay; ¢ 3.44 3.42 4.07 3.42 1.39 1.33 -1.21 -1.09
Panel B: Liquidity

TWS;, -4.10 -4.19 -3.94 -4.08 1.03 1.11 -0.09 -0.12
TWD;, 10.11 10.09 10.09 10.06 1.04 1.03 0.10 0.11
Turnover;, 2.43 2.42 2.44 2.43 0.19 0.20 -1.46 -1.28
Volume;, 12.00 12.06 12.33 12.28 2.19 2.12 -0.58 -0.49
Panel C: Explanatory Variables

Price; ¢ -0.50 -0.58 -0.34 -0.36 1.62 1.73 -0.37 -0.23
Volatility; 0.04 0.04 0.03 0.03 0.04 0.03 3.37 2.12




Univariate analysis on the information efficiency and liquidity metrics for the ERS
sample is presented in Table 3-2. The mean for the pre- and post- event are provided,
supplemented by the difference and the #-statistics computed using the Satterhwaite
method®®. Panel A shows that while Delay; . appears to have decreased following the
ERS, there is no statistical difference in the pre- and post-event periods. Panel B
presents the findings for our liquidity metrics. The 4.5% reduction in the spread
observed in Table 3-1 is significant at the 1% level, however no differences best
depth, turnover and trading volume are noted. Table 3-3 presents the univariate
analysis on the information efficiency and liquidity metrics for the control stocks. We
observe improvements in trading volume; however, an increase in the time-weighted
proportional bid-ask spread and a reduction in the time-weighted best depth indicate

deterioration in market liquidity.

26 The Satterthwaite method assumes difference variances between the pre- and post- periods.
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Table 3- 2: Univariate Analysis- ERS Stocks

This table provides univariate analysis for information efficiency and liquidity measures during
the pre-change and post-change periods for ERS stocks. Delay;, measures intraday midquote
return predictability using lagged market returns. TWS;, refers to the natural logarithm of the
daily time-weighted proportional spread. TWD; ,refers to the natural logarithm of the daily time-
weighted depth at the best bid and ask. Turnover;; refers to the natural logarithm of total daily
shares turnover. Volume; , refers to the natural logarithm of the average daily trading volume. The
t-statistics are calculated using the Satterthwaite Method Statistics, assuming different variances
between the pre-change and post-change periods. ***, ** and * represent significance at the 1%,

5% and 10% level respectively.

Mean T-Test

Pre Post Difference t
Panel A: Information Efficiency
Delay; ; 3.44 3.42 -0.02 -0.39
Panel B: Liquidity
TWS;, -4.01 -4.19 -0.10 -4.45% 4%
TWD;, 10.11 10.09 -0.02 -1.90*
Turnover;; 2.43 2.42 -0.01 -1.15
Volume; 12.00 12.01 0.01 1.08




Table 3- 3: Univariate Analysis- Control Stocks

This table provides univariate analysis for information efficiency and liquidity measures during
the pre-change and post-change periods for the control stocks. Delay;, measures intraday
midquote return predictability using lagged market returns. TWS;, refers to the natural
logarithm of the daily time-weighted proportional spread. TWD; ;refers to the natural logarithm
of the daily time-weighted depth at the best bid and ask. Turnover;, refers to the natural
logarithm of total daily shares turnover. Volume; . refers to the natural logarithm of the average
daily trading volume. The t-statistics are calculated using the Satterthwaite Method Statistics,
assuming different variances between the pre-change and post-change periods. ***  ** and *
represent significance at the 1%, 5% and 10% level respectively.

Mean T-Test

Pre Post Difference t
Panel A: Information Efficiency
Delay;, 3.33 3.39 0.06 1.89*
Panel B: Liquidity
TWS; -3.99 -3.93 0.06 3.02%#*
TWD; 10.27 10.20 -0.07 -2.86%
Turnover;; 2.39 2.39 0.00 0.45
Volume; 12.04 12.14 0.10 2.23%*

3.4.2. Information Efficiency

Given the prominence of asymmetric information, it is unlikely that stock prices
reflect the expectations of market participants (Grossman et al., 1980). Financial
analysts use their expertise to gather and interpret information and thereby attempt to
reduce the level of asymmetric information; making asset prices more informationally
efficient. Previous studies have documented that price volatility, stock prices and firm
size are determinants of information efficiency and liquidity measures (Atkins et al.
1997; Menyah et al., 2000; Brooks et al., 2003). As a result, we control for these

factors in our regression analysis.



Ordinary least squares regression results for information efficiency surrounding the
introduction of the ERS is presented in Table 3-4. Equation (3.14) is estimated for the
experimental sample where y;, = Delay;,. While the negative sign of coefficient on
Event;, is in line with intuition, it is not statistically significant. Therefore, initial
regression analysis suggests that the information efficiency of security prices is
unaffected by the ERS. Consistent with Desmetz (1986), the size of a firm is
negatively related to its information efficiency. As the size of a firm increases, there is
a wider range of asymmetric information; a 1% increase in the market capitalisation of
a firm leads to a 0.05% decrease in Delay;, for ERS stocks. Price volatility is a
positive determinant of information efficiency and this is in line with the findings of
Jegadeesh et al. (1993). Unlike Jegadeesh et al. (1993), where the stock price was
found to have a negative relationship with information efficiency, the coefficient on

Price; ; 1s not statistically meaningful for ERS stocks.



Table 3- 4: Ordinary Least Squares Regression Analysis on Information
Efficiency- ERS Stocks

This table provides ordinary least squares regression results for price delay surrounding analyst
coverage for the ERS scheme using a 6-month event window. Results are estimated for:
Ln(Delay,,) = < + p1Event;, + B,MarketCap; + BsPrice;, + B,Volatility;. + &;;
Event;, is a dummy variable for all stocks after the initiation of analyst coverage. MarketCap; is
the natural logarithm of the stock’s market capitalisation. Price; ; refers to the natural logarithm of
the daily closing stock price. Volatility; . is the natural logarithm of the ratio of the day’s highest

price divided by the lowest price. Test statistics are reported in brackets under each coefficient.
#kx - *¥* and * represent significance at the 1%, 5% and 10% level respectively.

Variable Delay;,
Intercept 4.417
(9.47)
Event; ; -0.020
(-0.70)
MarketCap; -0.054%*
(-2.19)
Price;; 0.000
(0.03)
Volatility; , 1.583%%*
(3.66)
Observations 10660
Adjusted R? 0.003
F 7.300%**

Ordinary least squares regression results for information efficiency presented in Table
3-5. Equation (3.14) is estimated for the matched sample of control stocks where ;.
= Delay;,. We note a positive and significant coefficient of Event;,. This is
unexpected and most likely spurious given that no new recommendations or earnings
forecasts were given for these firms in the past 12 months. Similar to the results seen
in Table 3-4, the figures for MarketCap; and Volatility; , are consistent with the prior

literature, however the result for Price;, is not.
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While the findings presented in Table 3-4 and Table 3-5 provide meaningful
information regarding our experimental and control samples, no definitive conclusions
on the effect of the ERS can be drawn. To determine if the ERS improved the
information content of asset prices, we must compare directly to the matched, control
sample. We run the difference in difference regression model shown in Equation

(3.15) to isolate the contribution of the ERS.

Table 3- 5: Ordinary Least Squares Regression Analysis on Information
Efficiency- Control Stocks

This table provides ordinary least squares regression results for price delay surrounding analyst
coverage for the control stocks using a 6-month event window. Results are estimated for:
Ln(Delay,,) = < + B,Event;; + f,MarketCap; + BsPrice;, + B,Volatility;, + €;;
Event;, is a dummy variable for all stocks after the initiation of analyst coverage. MarketCap; is
the natural logarithm of the stock’s market capitalisation. Price; ; refers to the natural logarithm of
the daily closing stock price. Volatility; . is the natural logarithm of the ratio of the day’s highest
price divided by the lowest price. Test statistics are reported in brackets under each coefficient.
Rk ** and * represent significance at the 1%, 5% and 10% level respectively.

Variable Delay;;
Intercept 4.348%***
(9.56)
Event;; 0.071%**
(2.23)
MarketCap; -0.057**
(-2.36)
Price;; -0.008
(-0.59)
Volatility; ; 1.8253%%3%
(3.82)
Observations 9183
Adjusted R? 0.004
F 9.38%#*




The difference in difference regression results associated with Equation (3.15) are
reported in Table 3-6. The coefficient on Event;, is significant at the 5% level and
reveals that firms were 0.07% less informationally efficient following the initiation
report. As firms from both the ERS and control sample are included in this model, this
finding is not indicative of the scheme itself. We also note that ERS securities are
0.1% less informationally efficient than the matched, control sample. This is

significant at the 1% level.



Table 3- 6: Difference in Difference Regression Analysis on Information
Efficiency- 6 Months

This table provides ordinary least squares regression results for price delay surrounding analyst
coverage for the control stocks using a 6 month event window. Results are estimated for:
Ln(Delay;;) = < + p;Event;; + B,ERS; + B3 (Eventl-lt X ERSL-) + BysMarketCap; +

PsPrice;; + PeVolatility;, + €. Event;, is a dummy variable for all stocks after the initiation
of analyst coverage. ERS; is a dummy variable that equals one for experimental stocks and for control
stocks. MarketCap; is the natural logarithm of the stock’s market capitalisation. Price; , refers to the
natural logarithm of the daily closing stock price. Volatility; , is the natural logarithm of the ratio of
the day’s highest price divided by the lowest price. Test statistics are reported in brackets under each
coefficient. ***, ** and * represent significance at the 1%, 5% and 10% level respectively.

Variable Delay;,
Intercept 6.227%%*
(6.56)
Event;, 0.072%%*
(2.32)
ERS; 0.106%***
(3.45)
Event;, X ERS; -0.092%%*
(-2.15)
MarketCap; -1.000%**
(-3.10)
Price;; -0.004
(-0.40)
Volatility; 1.695%**
(5.28)
Observations 19843
Adjusted R? 0.004
F 12.19%**




Our primary variable of interest, Event;, X ERS;, measures the price delay of the
experimental stocks following the initiation report after considering our control
variables. Therefore, this variable captures the effect of the scheme on the information
efficiency of the selected stocks. The coefficient on Event;, X ERS; is -0.092 and is
significant at the 1% level. The share prices of ERS stocks reflect their ‘true’ value
0.09% better in the 6 months after the initiation report. Hence, we can attribute this
finding to the ERS and fail to reject H;. This is consistent with the theoretical findings
of Suvrahmanyam (1992) and Foster et al. (1993) who predict that stock prices reflect

information more quickly as the number of informed investors rise.

The existing literature is littered with empirical studies that produce a qualitatively
consistent finding. Moyer et al. (1989) and Kim et al. (1997) show that asset prices
incorporate new information quicker when they are followed by more analysts.
Assessing the converse situation, Brennan et al. (1993) and Hong et al. (2000) find
empirical evidence showing that firms with lower analyst coverage react slower to
new information. More recently, Kim et al. (2007) and Derrien et al. (2013) analyse
the effect of removing or lowering analyst coverage once it is already there. These
studies show that terminating or lowering analyst coverage results in higher

information asymmetry which hence increases the company’s cost of capital.

The findings for MarketCap;, Price;, and Volatility; , are consistent with those seen in

Table 3-4 and Table 3-5.



Table 3- 7: Difference in Difference Regression Analysis on Information
Efficiency- 6 Months

This table provides ordinary least squares regression results for price delay surrounding analyst
coverage for the control stocks using a 6-month event window. Results are estimated for:
Ln(Delayilt) =« + B Event; + B,ERS;; + B3 (Eventi't X ERSi_t) + BysMarketCap; ; +
psVolatility; . + &;;. Event;, is a dummy variable for all stocks after the initiation of analyst
coverage. MarketCap; ; is the natural logarithm of the stock’s market capitalisation. Volatility; ; is
the natural logarithm of the ratio of the day’s highest price divided by the lowest price. Test statistics
are reported in brackets under each coefficient. ***, ** and * represent significance at the 1%, 5%
and 10% level respectively.

Variable Delay; ;
Intercept 6.469%**
(8.91)
Event;; 0.071%*
(2.42)
ERS; ¢ 0.104%**
(3.43)
Event;. X ERS;, -0.092%*
(2.15)
MarketCap; , -1.083%**
(-4.38)
Volatility; ; 1.744%%%
(5.90)
Observations 19843
Adjusted R? 0.004
F 14.60%**
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Table 3- 8: Difference in Difference Regression Analysis on Information
Efficiency- 12 Months

This table provides difference in difference regression results for price delay surrounding analyst
coverage using a 12-month event window. The model includes observations from both the
experimental and matched samples and is stated as:

Ln(Delay;;) = < + p;Event;; + B,ERS; + B3 (Eventl-lt X ERSL-) + fysMarketCap; +

PsPrice;; + PeVolatility;, + ;. Event;, is a dummy variable for all stocks after the initiation of
analyst coverage. ERS; is a dummy variable that equals one for experimental stocks and for control
stocks. MarketCap; ; is the natural logarithm of the stock’s market capitalisation. Price;; refers to
the natural logarithm of the daily closing stock price. Volatility; , is the natural logarithm of the ratio
of the day’s highest price divided by the lowest price. Test statistics are reported in brackets under
each coefficient. ***, ** and * represent significance at the 1%, 5% and 10% level respectively.

Variable Delay;,
Intercept 5.723%%*
(8.09)
Event;, 0.099%**
(4.23)
ERS; 0.107***
(4.63)
Event;, X ERS; -0.107%**
(-2.84)
MarketCap; -0.849%**
(-3.50)
Price;; -0.003
(-0.37)
Volatility; ; 1.950%**
(7.99)
Observations 36358
Adjusted R? 0.005
F 23.72%**

To avoid any potential bias associated with multicollinearity, we remove Price;, and
re-run Equation (3.15) for robustness. The results are presented in Table 3-7 and are
consistent with those reported in Table 3-6. For additional robustness, we re-run

Equation (3.15) using a 12-month event window. Table 3-8 presents the findings. The
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results for all variables are qualitatively consistent with those revealed in Table 3-6.
The share prices of ERS stocks reflect their ‘true’ value 0.11% better in the 12 months
after the initiation report. This is only marginally higher than the 0.09% improvement
in the first 6 months however is in line with intuition as more potential investors
become more informed over time. This may also reflect the increased awareness of the
scheme following the implementation of the second phase. We conclude that that the
ERS is responsible for more informed security prices, this is both intuitive and

consistent with the expectations developed from the prior literature.

3.4.3. Liquidity

The relationship between information asymmetry and liquidity has been well
documented in a number of prior studies. A security is likely to be more liquid when
information asymmetry is low; less-informed investors are less willing to trade if they
know there are better-informed investors (Akerlof, 1970; Glosten et al., 1985).
Following Foley et al. (2013), the same control variables used to estimate information
efficiency models are applied when estimating our liquidity metrics. The controls

include stock price, market capitalisation and volatility.

Ordinary least squares regression results for the liquidity measures surrounding the
introduction of the ERS are presented in Table 3-9. Equation (3.14) is estimated for

the experimental sample where y;, = TWS;,, Turnover;, and Volume; ,?’. We observe

27 Equation (4.14) was also estimated for the time-weighted depth. The results are not reported for
brevity as no meaningful conclusions were drawn.
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a 0.12% improvement in TWS;, and 0.07% improvement in trading volume. These
figures are statistically significant at the 1% and 5% levels respectively. Consistent
with Chiang et al. (1998), MarketCap; is a positive determinant of market liquidity.
Larger, ERS firms experience greater liquidity across each of the three metrics, all at
the 1% significance level. The same qualitative conclusions can be made for a firm’s
price volatility, consistent with the information asymmetry model developed in
Copeland et al. (1983). Price;; improves both the bid-offer spread and turnover,
consistent with Stoll (1978). However, Price;, is shown to be a negative determinant
trading volume. No definitive conclusions are drawn at this stage as we have not

considered the matched, control sample.
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Table 3- 9: Original Least Squares Regression Analysis on Liquidity- ERS Stocks

This table provides ordinary least squares regression results for price delay surrounding
analyst coverage for the ERS scheme using a 6-month event window. Results are estimated
for:

ILn(y;;) = x + p1Event;, + ByMarketCap; + B3Price; + p,Volatility;, + & ;.
¥i ¢ is the dependent variable and refers to either TWS; ., Turnover;, or Volume; ;. Event;,
is a dummy variable for all stocks after the initiation of analyst coverage. MarketCap; is the
natural logarithm of the stock’s market capitalisation. Price; ; refers to the natural logarithm of
the daily closing stock price. Volatility;, is the natural logarithm of the ratio of the day’s
highest price divided by the lowest price. Test statistics are reported in brackets under each
coefficient. *** ** and * represent significance at the 1%, 5% and 10% level respectively.

Variable TWS; Turnover;; Volume; ;
Intercept 2.402%%* 0.826%** -6.556%**
(10.36) (15.06) (-11.71)
Event;, -0.121%** 0.004 0.067**
(-8.48) (1.26) (1.96)
MarketCap; -0.354%#* 0.081*** 0.915%**
(-18.91) (27.88) (30.98)
Price;; -0.335%** 0.024%** -0.71 1 %%
(-53.11) (15.98) (-46.80)
. -1.540%** 2.26]%** 24.293%**
Volatility; ,
(-7.08) (43.95) (46.31)
Obvs 10660 10660 10660
Adjusted R? 0.563 0.32 0.43
F 3025.03%** 1114.84%** 1773.63%%*

Ordinary least squares regression results for the liquidity metrics are presented in
Table 3-10. Equation (3.14) is estimated for the matched sample of control stocks
where y;; = TWS;,, Turnover;, and Volume;,. We find a reduction in Turnover;,
following the introduction of the ERS but see no change in the bid-offer spread or
trading volume. Again, this is likely to be spurious given that no new

recommendations or earnings forecasts were given for these firms in the past 12
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months. Consistent with Chiang et al. (1998) and as seen in Table 3-9, MarketCap; is
a positive determinant of the four liquidity measures. Similar to Table 3-9, volatility
improves both turnover and volume. Consistent with the ERS sample, Price;, is a

positive determinant of both the bid-offer spread and turnover.

Table 3- 10: Original Least Squares Regression Analysis on Liquidity- Control
Stocks

This table provides ordinary least squares regression results for price delay surrounding analyst
coverage for the control sample using a 6 month event window. Results are estimated for:
In(y;¢) = + piEvent;, + p,MarketCap; + B3Price;; + p,Volatility;, + &;.
¥i¢ 1s the dependent variable and refers to either TWS; ¢, Turnover;, or Volume; .. Event; is
a dummy variable for all stocks after the initiation of analyst coverage. MarketCap; is the
natural logarithm of the stock’s market capitalisation. Price; . refers to the natural logarithm of
the daily closing stock price. Volatility;, is the natural logarithm of the ratio of the day’s
highest price divided by the lowest price. Test statistics are reported in brackets under each
coefficient. *** ** and * represent significance at the 1%, 5% and 10% level respectively.

Variable TWS;, Turnover; ; Volume;,
Intercept 0.978%** 0.4171%** -11.729%%*
(4.74) (7.55) (22.94)
Event;, 0.022 -0.008** -0.044
(1.53) (2.12) (1.23)
MarketCap; -0.288%** 0.104%** 1.204%**
(-26.27) (36.13) (44.57)
Price;, -0.365%** 0.035%*%* -0.630%**
(-59.72) (21.73) (-41.80)
Volatility; , 0.117 2.01%** 20.283%**
(0.54) (35.29) (37.94)
Obvs 9183 9183 9183
Adjusted R? 0.53 0.356 0.401
F 2400.05%** 1174.57*** 1423.66%**
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The difference in difference regression results associated with Equation (3.15) are

reported in Table 3-11. Equation (3.15) is estimated for all stocks where y;, = TWS;,,

Turnover;, and Volume;,28. We observe that all stocks experienced a minor reduction
in turnover following the introduction of ERS. As firms from both the ERS and
control sample are included in this model, this finding is not indicative of the scheme
itself. We also note that TWS;, of ERS securities are 0.1% smaller than the matched,

control sample. This is significant at the 1% level.

28 Equation (4.15) was also estimated for the time-weighted depth. The results are not reported for
brevity as no meaningful conclusions were drawn.
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Table 3- 11: Difference in Difference Regression Analysis on Liquidity- 6 Months

This table provides difference in difference regression results for price delay surrounding
analyst coverage using a 6 month event window. The model includes observations from both
the experimental and matched samples and is stated as:

ILn(y;;) = + p1Event;, + B,ERS; + f3 (Eventi,t X ERSl-) + ByMarketCap; +
PsPrice; + BeVolatility;, + €. y;+ is the dependent variable and refers to either TWS; ,,
Turnover;, or Volume;,. Event;, is a dummy variable for all stocks after the initiation of
analyst coverage. ERS; is a dummy variable that equals one for experimental stocks and for
control stocks. MarketCap; is the natural logarithm of the stock’s market capitalisation.
Price;, refers to the natural logarithm of the daily closing stock price. Volatility;, is the
natural logarithm of the ratio of the day’s highest price divided by the lowest price. Test
statistics are reported in brackets under each coefficient. ***, ** and * represent significance at
the 1%, 5% and 10% level respectively.

Variable TWS; Turnover;, Volume; ,
Intercept 13.059%** -2.691%** -47.178%***
(28.73) (-23.69) (-42.32)
Event;, 0.027* -0.009%** -0.052
(1.81) (-2.40) (-1.45)
ERS; -0.105%** -0.004 -0.062*
(-7.22) (-1.16) (-1.74)
Event;,
’ -0.147%** 014%%* 124%%*
x ERS; 0.147 0.0 0
(-7.25) (2.68) (2.49)
MarketCap; -5.951%** 1.720%** 19.750%%*
(-38.50) (44.53) (52.12_
Price;, -0.351%** 0.028*** -0.687%**
(-80.12) (25.41) (-64.02)
Volatility; , -0.752%#* 2.142%*% 22.391%**
(-4.89) (55.69) (59.35)
Observations 19843 19843 19843
Adjusted R? 0.549 0.336 0.408
F 3640.26%** 1512.25%** 2058.87%**
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Assessing the coefficients on Event;, X ERS;, we note consistent liquidity
improvements for ERS stocks following the initiation report. Hence we fail to reject
H,. Enhancements in the price-dimension of liquidity can be seen with a 0.15%
reduction in the time-weighted proportional bid-ask spread. This is accompanied by
increased levels of trading as turnover and volume which grew by 0.01% and 0.12%
respectively. These figures are all statistically significant at the 1% level. The
evidence suggests that the ERS has been successful in improving the market liquidity
of selected stocks, with benefits associated with both the price and size dimensions of

liquidity observed.

The improvement in the price-dimension of liquidity — the time-weighted proportional
bid-ask spread — is consistent with the adverse-selection theory model developed in
Kyle (1985). The release of an initiation report by a financial analyst reduces the level
of information asymmetry as some traders become more informed. The model states
that, armed with this information, investors are more willing to trade. Empirical
studies such as Yohn (1998) and Roulstone (2003) also find evidence of decreasing
spreads as the number of analysts rise. Brennan et al. (1995) state that an increase in
the number of analysts leads to more competition among informed traders. This is
evidenced by the reduction in adverse selection costs as investors become better
informed (Blume et al., 1994; Kim et al., 1997). Intuitively, investors are more likely

to trade when they are well informed.

The enhancements in the quantity-dimensions of liquidity — turnover and trading
volume — are also consistent with a number of past studies. The increase in the

18



information homogeneity between market participants after the initiation of analyst
coverage results in increased trading activity (Karpoff, 1986). This is supported
empirically by studies such as Welker (1995) and Bartov et al. (1996) who find a rise
in the number of trades and trading volume once information asymmetry is reduced.
As security analysts release information to the market, investors become more
informed and are more likely to trade. Both Chan et al. (1996) and Liu et al. (1990)
note the increase in trading activity subsequent to the release of analyst
recommendations. Holden et al. (1992) attribute this this to more efficient stock prices
while George et al. (1994) believe that the lower cost of adverse selection makes
investors more likely to trade. The findings for MarketCap;, Price;; and Volatility; .

are the same as those seen in Table 3-9.

To avoid any potential bias associated with multicollinearity, we remove Price;, and
re-run Equation (3.15) for robustness. The results are presented in Table 3-12 and are
consistent with those reported in Table 3-11. For additional robustness, we re-run
Equation (3.15) using a 12-month event window. Table 3-12 presents the findings.
The results for each of the liquidity measures are consistent with those revealed in
Table 3-11. We conclude that that the ERS is responsible for improvements in market
liquidity. Benefits are seen in the bid-offer spread and in actual trading outcomes
including turnover and volume. This is both intuitive and consistent with the

expectations developed from the prior literature.
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Table 3- 12: Difference in Difference Regression Analysis on Liquidity- 6 Months

This table provides difference in difference regression results for price delay surrounding
analyst coverage using a 6 month event window. The model includes observations from both
the experimental and matched samples and is stated as:

In(y;;) = + p1Event;; + B,ERS;+ + B3 (Eventl-,t X ERSl-,t) + ByMarketCap; , +
psVolatility; . + &;+. y; is the dependent variable and refers to either TWS; ¢, Turnover;
or Volume;,. Event;, is a dummy variable for all stocks after the initiation of analyst
coverage. MarketCap;, is the natural logarithm of the stock’s market capitalisation.
Volatility;  is the natural logarithm of the ratio of the day’s highest price divided by the
lowest price. Test statistics are reported in brackets under each coefficient. *** ** and *
represent significance at the 1%, 5% and 10% level respectively.

Variable TWS; Turnover;, Volume; ,
Int ; 36.548%** -4.552%%% -1.143
ntercep (90.28) (-52.52) (-1.21)
Event;, 0.049%** -0.01 1*** -0.010
(2.83) (-2.82) (-0.24)
ERS; ¢ -0.007 0.005 -0.281%**
(-0.41) (1.25) (-7.15)
Event;, Ek Hk K *k
x ERS, ¢ -0.152 0.014 0.116
(-6.40) (2.69) (2.10)
MarketCap; , -13.909%*** 2.35]1%** 4.163%**
(-90.35) (78.02) (12.94)
Volatility; , -3.932%** 1.771%%%* 31.564%**
(23.69) (48.90) (81.59)
Observations 19843 19843 19843
Adjusted R? 0.388 0.312 0.273
F 2270.76*** 1627.00%** 1343.49%**
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Table 3- 13: Difference in Difference Regression Analysis on Liquidity- 12
Months

This table provides difference in difference regression results for price delay surrounding analyst
coverage using a 12 month event window. The model includes observations from both the
experimental and matched samples and is stated as:

Ln(y;;) = x + pyEvent; + B,ERS; + B3 (Eventl-lt X ERSL-) + BysMarketCap; +

PsPrice; + PeVolatility;, + €. y;¢ is the dependent variable and refers to either TWS; ¢,
Turnover;; or Volume;,. Event;, is a dummy variable for all stocks after the initiation of
analyst coverage. ERS; is a dummy variable that equals one for experimental stocks and for
control stocks. MarketCap;, is the natural logarithm of the stock’s market capitalisation.
Price;, refers to the natural logarithm of the daily closing stock price. Volatility;, is the
natural logarithm of the ratio of the day’s highest price divided by the lowest price. Test
statistics are reported in brackets under each coefficient. ***, ** and * represent significance at
the 1%, 5% and 10% level respectively.

Variable TWS; Turnover; ; Volume; ,
Intercept 11.898%*** -2.273% % -43.036%***
(34.91) (-27.23) (-51.83)
Event;, 0.013 -0.010%** -0.085%**
(1.13) (-3.78) (-3.12)
ERS; 0.105%** -0.012%** -0.143%**
(9.55) (-4.27) (-5.32)
Event;,
) _ 1 skskok . 1 skskok 1 2***
« ERS; 0.167 0.018 0.19
(-10.98) (4.79) (5.13)
MarketCap; -5.547%*%* 1.580%** 18.368%**
(-47.85) (55.64) (65.03)
Price;, -0.349%** 0.030%** -0.675%**
(-107.09) (37.13) (-85.09)
Volatility; -0.581*** 2.163%** 22.686%***
(-4.99) (75.86) (35.09)
Observations 36358 36358 36358
Adjusted R? 0.527 0.322 0.396
F 6070.19%** 2588.95%** 3576.80%**




3.4.4. Price Reaction

Table 3-14 presents the cumulative abnormal returns based on the Capital Asset
Pricing Model for ERS stocks around the initiation report?®. We find a significant and
positive CAR of 1.6% two weeks subsequent to the first analyst report. The positive
price reaction then dissipates over time with no significant returns realised at
subsequent time intervals. An initiation report is a concerted effort to persuade
investors to trade on a security that has not previously been researched. The market
initially reacts to the published information; however, this effect is lessened over time
as; an unsurprising result as these are still smaller, lesser known stocks.

Table 3- 14: Market Model Cumulative Abnormal Returns (CAR) - around
Initiation date

This table presents CARs for the ERS sample around the release of an initiation report by an
analyst. CAR [7,T] refers to the sum of daily abnormal returns (ARs) between day ¢ and day T
surrounding the event. For each CAR [#,T], the average CAR is then measured across
recommendations. Robust standard errors are used to compute f-statistics and reported in the
parentheses. ***, ** and * represent significance at the 1%, 5% and 10% levels respectively. The
hypothesis tested is Hy: CAR [£,T] =0 versus H;: CAR [£,T] # 0.

Event ERS Stocks
CAR [0,14] 0.016%**
CAR [0,90] -0.003
CAR [0,180] -0.016*
N 44

29 Price reaction analysis was originally split for ‘Buy’ recommendations. No meaningful conclusions
were drawn as the results were qualitatively consistent with the reported analysis, therefore it has not
been presented for brevity. ‘Buy’ recommendations make up 75% of the experimental sample.
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Table 3- 15: Market Model Cumulative Abnormal Returns (CAR), Univariate
Analysis- All Stocks

This table provides univariate analysis for cumulative abnormal returns following the release of the
initiation report for all stocks. CAR [#,T] refers to the sum of daily abnormal returns (ARs) between
day ¢ and day T surrounding the event. For each CAR [#,T], the average CAR is then measured across
recommendations. The f-statistics is calculated using the Satterthwaite Method Statistics, assuming
different variances between the pre-change and post-change periods. *** ** and * represent
significance at the 1%, 5% and 10% level respectively.

Mean T-Test
ERS Control Difference t
Event
CAR [0,14] 0.016 -0.003 -0.019 -3.65%%*
CAR [0,90] -0.003 -0.033 -0.030 -6.54%**
CAR [0,180] -0.016 -0.046 -0.030 -0.85%**

Univariate analysis for CARs following the release of the initiation report for all
stocks is reported in Table 3-15. ERS stocks experience greater CARs than the
matched, control sample at two week, three month and six month intervals. Therefore,
we fail to reject Hz. The difference is statistically significant at the 1% level for each
of the time intervals. This is consistent with Comerton-Forde at al. (2006) who states
that a positive price reaction subsequent to the initiation of analyst coverage is
symptomatic of the informational value of financial analysts. Irvine (2003) attributes
the positive price reaction to the increased levels of price efficiency and liquidity
following the introduction of analyst coverage. The combined effect of reduced
spreads and more informative prices leads to an increase in share price and a decrease

in the required rate of return demanded by investors (Amihud et al., 1997).
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Table 3-16 presents the cumulative abnormal volumes for ERS stocks around the
initiation report. We find positive and significant CAV’s in the two weeks, three
months and six months following the initiation report. Hence trading volume of ERS
stocks increases after the release of the report. Univariate analysis for CARs
following the release of the initiation report for all stocks is reported in Table 3-17.
While the CAV’s for ERS stocks appear much larger than the control stocks at each of
the three intervals, there is no significant difference between the two samples. In light
of the regression results focused on trading volume®’, we conclude that the ERS was
effective in boosting the trading activity of the selected stocks.

Table 3- 16: Market Model Cumulative Abnormal Volume (CAV) - around
Initiation date

This table presents CAVs for the ERS sample around the release of an initiation report by an
analyst. CAV [¢,T] refers to the sum of daily abnormal volume (AR) between day ¢ and day T
surrounding the event. Robust standard errors are used to compute -statistics and reported in the
parentheses. ***, ** and * represent significance at the 1%, 5% and 10% levels respectively. The
hypothesis tested is Hy: CAR [¢,T] =0 versus Hy: CAV [t,T] # 0.

Event ERS Stocks
CAV [0,14] 7,923,046%*
CAV [0,90] 57,665,068%*
CAV [0,180] 128,340,000%*
N 44

30 presented in Section 3.3.3.
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Table 3- 17: Market Model Cumulative Abnormal Volume (CAV), Univariate
Analysis- All Stocks

This table provides univariate analysis for cumulative abnormal volume following the release of the
initiation report for all stocks. CAV [z, T] refers to the sum of daily abnormal volume (AR) between day
t and day T surrounding the event. The z-statistics is calculated using the Satterthwaite Method
Statistics, assuming different variances between the pre-change and post-change periods. ***, ** and *
represent significance at the 1%, 5% and 10% level respectively.

Mean T-Test
ERS Control Difference t
Event
CAV [0,14] 7,923,046 3,865,541 4,057,504 0.78
CAYV [0,90] 57,665,068 6,150,301 515,514,767 1.71%
CAV [0,180] 128,340,000 42,757,761 85,582,239 1.23

3.5. Conclusion

This chapter examines the impact of the ASX’s Equity Research Scheme on market
quality. Following the introduction of the ERS, 44 initiation reports have been
released. The initiation reports represent the first exogenous assessment of the firm’s
future prospects, designed to assist in investment decision making. By conducting an
event study and comparing the effect on the ERS stocks to a matched, control sample
of stocks, our findings supports the notion that the ERS was responsible for market
efficiency improvements in price efficiency and liquidity. The reduction in

information asymmetry also leads to a positive price reaction in ERS stocks.

Financial analysts use their expertise to gather and interpret information and thereby
attempt to reduce the level of asymmetric information. As more information is

released to the market, market participants become more confident about the ‘true’
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value of the asset. Consistent with the expectations developed by the existing
literature, we find that the ERS is responsible for more informed security prices with
ERS stocks 0.11% more informationally efficient in the 6 months following the

initiation report.

If information asymmetry is reduced and security prices are more efficient, investors
are more likely to trade. We find that the ERS improved both the price and size-
dimensions of market liquidity in the selected stocks. A 0.15% reduction in the time-
weighted proportional bid-ask spread occurs after the release of the initiation report.
Therefore, the price of immediacy decreased. This is accompanied by improved
trading outcomes as turnover and volume grew by 0.01% and 0.12% respectively. This
suggests that analyst reports do play a role in providing new information to the market
and stimulating trading activity. The release of an initiation report by a financial
analyst reduces the level of information asymmetry; thereby encouraging trading

activity.

The literature on analyst coverage and stock prices suggest that analysts do have
predictive ability, evidenced by the positive price reaction following the release of a
report. We identify a CAR of 1.6% two weeks subsequent to the first analyst report for
ERS stocks. Comparing to the matched, control sample, the ERS stocks experience
greater CARs over two week, three month and six month intervals. This highlights the
informational value in the ERS first-time analyst coverage reports. Asset prices adapt
accordingly to the release of new information and that financial analysts are integral
for efficient pricing in capital markets.
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At a general level, given the inherent significance of the information structure of
financial markets, the findings in this chapter highlight the value of financial analysts
in providing reliable and useful information to market participants. Given the
downward trend of analyst coverage and the ASX’s mandate to ensure a fair and
efficient capital market, strategies such as the ERS could go a long way in ensuring
that market participants have a more homogenous level of access to information. The
ASX should therefore maintain the ERS and possibly look into extending such
schemes to other assets, particularly those that are susceptible to high information
asymmetry. More broadly, exchanges and market regulators worldwide should
consider implementing similar policies, primarily due to the decreasing trend of
analyst coverage. Such schemes would not only be beneficial market quality, but they
may also encourage increased order flow by international investors that are currently

concerned that they are disadvantaged relative to better-informed local investors.
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Chapter 4: Market Maker Incentives and Market Efficiency

4.1. Introduction

On 1 August 2010, a market making scheme was introduced in the ASX’s
Exchange Traded Fund (ETF) market. The scheme provided affirmative market
maker obligations and rewarded contracted market makers with rebates for
meeting spread and volume requirements. The Australian ETF market is rapidly
growing but the size in Australia is tiny compared to the ETF markets in the US
and Europe. The scheme may be one method to try to improve trading conditions
and encourage growth. This chapter investigates the effect of the scheme by
conducting an event study and examining the effect on market efficiency and

profitability.

This chapter is motivated by three factors. Firstly, compared to other, more
traditional markets, academic analysis of the Australian ETF industry is limited.
This study provides a valuable insight to the efficiency of the ASX’s ETF market
by analysing both spreads and depth. Secondly, by studying the trades of market
makers, we determine whether they are fulfilling their mandated duty of supplying
liquidity. Much of the literature finds that market makers use their superior order-
flow information to make position-taking gains and this may be in conflict with
their obligation to provide liquidity under the scheme. Finally, the introduction of
the scheme motivates us to study the market efficiency effects and in turn offer

empirical evidence that contributes to the debate.
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Before determining effects of the scheme, it is important to understand the
complex role of market makers. The primary role is to provide immediacy for
other investors by supplying liquidity. Market makers are often employed but at
any particular moment in time, the number of market participants actively seeking
to buy or sell can be quite small (Desmetz, 1968; Garbade et al., 1982). Harris
(2003) identifies two types of risk faced by market makers: inventory holding
risk®! and adverse selection risk®2. Bagehot (1971) states that a profit must be made
from liquidity traders to compensate for the losses to informed investors. These
gains are achieved by setting a spread (Glosten et al., 1985)*3. Using trade data that
identifies each market maker, we find that our sample of market makers are net
suppliers of liquidity and set the spread to earn profits 83% of the time after the
introduction of the scheme. However, when studying the interaction between
liquidity and position-taking profitability, we find that market makers make
positive position-taking gains 75% of time when liquidity losses are incurred.
Copeland et al. (1983), who identify an inverse relationship between a market
maker’s liquidity and position-taking profitability. Therefore, market makers are

willing to forego their contractual duties to realise position-taking profits.

The level of skill of market makers is debatable since even though they have
access to order flow, their profits may be generated by taking advantage of the bid-

ask spread. Market makers may naively be considered to be uninformed traders,

31 Inventory holding risk arises due to events that cause unpredictable price changes (Harris,
2003). Market makers will then adjust their bid and ask quotes to attract the trades of public
investors and therefore balance resulting undesired inventory positions.

32 Like all traders, market makers lose money when they trade with those who are more informed.
The risk of doing so is called adverse selection risk.

33 Benveniste at al., (1992) and Dunpont (2000), argue that specialists are better able to
differentiate between informed and uninformed traders compared to limit order traders, and can
adjust the adverse selection component of the spread accordingly.
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gaining gross trading profits composed entirely of the spread. However, the
theoretical findings of Madhavan et al. (1993) implicitly suggest that market
makers are likely to derive positive position-taking profits when they actively build
positions. Hasbrouck et al. (1993) apply a mark to market approach of determining
total NYSE specialist profitability and they find that the principal source of profits
is short horizon information. Therefore, while a majority of net gains arise from
capturing the spread, specialists are able to derive position-taking profits through
the aid of superior order-flow information®*. Consistent with the idea that market
makers are using order flow information to make position profits, we find that
market makers on the ASX achieve position taking gains 60% of the time after the
implementation of the scheme. However, position-taking profits accrued after the

introduction of the scheme are only two-thirds of the value of liquidity profits.

Our univariate analysis notes improvements in bid-ask spreads, depth and volatility
following the implementation of the scheme. However, there are many arguments
against the implementation of market maker obligations in the extant literature.
High frequency traders act as the most active market makers in financial markets,
even though they have no obligation to maintain their market presence. Many
empirical papers have studied the growth in algorithmic trading and noted the
benefits it has on market quality. These findings can be interpreted as empirical
support for a market structure where designated market makers may be

unnecessary. Black (1971), Stoll (1998) and Bloomfield et al. (2005) all argue that

34 These findings are later substantiated by Harris and Panchapagesan (2005), who state that when
transacting on the NYSE, intermediaries use information to their advantage. Similarly, Frino et al.
(2010 a) attributes position-taking net gains by locals on the Sydney Futures Exchange (SFE) to the
ability to analyse conditions on the trading floor.
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markets are capable of functioning efficiently without the presence of mandated

market makers.

The theoretical literature presents plenty of support for the introduction of market
makers. Copeland et al. (1983) note that since limit orders represent a free option
to other market participants, traders will be reluctant to use a passive order
submission strategy when order flow is strongly unidirectional or adverse selection
levels are high. Hence periods of market stress will be incredibly difficult to
overcome without an exogenous liquidity source. Additionally, Harris (2003)
argues that the increased management and order processing costs resulting from
market making obligations are compensated by the advantage derived from

receiving the entire order flow.

Our empirical findings are consistent with the literature. We find consistent
improvements in both bid-ask spreads and depth after the introduction of the
scheme, similar to Frino et al. (2008) who find a reduction in spreads when stocks
move from an auction market to a specialist market on the Italian Bourse®>. We
find no significant change in liquidity or position-taking profitability for market
makers after the introduction of the scheme, suggesting that the liquidity
improvements are not at the expense of other investors. Using US options and
futures data respectively, Tse et al. (2004) and Anand et al. (2006) both find
empirical evidence that market maker introduction leads to improved liquidity.
Christie et al. (1994) and Barclay (1997) both find a reduction in transaction costs

when firms relocate from NASDAQ (a dealer market) to a specialist market.

35 Also, investigating the Italian Bourse and reaffirming the conclusions of Frino et al. (2008),
Nimalendran and Petrella (2003) find a decline in bid-ask spreads and a rise in trading volume
after the introduction of obligated market making.
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Therefore, there is also a lot of empirical support, namely the enhancements in
market quality, for the introduction of schemes similar to that of the ASX ETF

Market Making Scheme.

Section 2 provides a review of the extant literature and details the tested
hypotheses. Section 3 describes the data and explains the methodology employed.
Section 4 presents all descriptive statistics, univariate and multivariate results.

Finally, Section 5 concludes.

4.2. Literature Review and Hypotheses Development

An ETF is a type of fund that owns underlying assets*® and splits the ownership of
those assets into tradable shares. This section invokes the literature and intuitive
considerations associated with the 2010 ASX ETF market making mandate

changes to formulate several hypotheses to be tested.

4.2.1. ETF and Net Asset Value (NAYV)

Unlike open-ended mutual funds that are always purchased and sold at their net
asset value (NAV), ETF shares are traded throughout the day at a price determined
by the market. The fundamental purpose of an ETF is to track a specific index or
sector. Therefore, through the unique creation and redemption feature®’ and the
mechanism of arbitrage, investors may assume that the difference between the

price of an ETF and its NAV is paltry (Petajisto, 2011). With minimal transaction

36 Underlying assets include shares of stock, bonds, oil, futures, gold, foreign currency, etc.
37 The supply of ETF shares are controlled through the creation and redemption process. This
process involves authorized participants (APs) that create or redeem units of an ETF.
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costs, negligible obstacles to information dissemination and therefore little limits

to arbitrage, this assumption may be safe.

Ackert et al. (2008) investigate the pricing of ETFs with respect to their
fundamental values. The paper attempts to offer new evidence on the capacity to
arbitrage mispricing in ETFs by examining the performance of U.S and country
ETFs traded in the United States. The study finds that U.S ETF funds are priced
closely to the value of their underlying equities. This is consistent with Ackert et
al. (2000) and Elton et al. (2002) who also find that U.S. ETF prices are close to
their NAVs; however they stress the importance of the redemption feature. Like
Jares et al. (2004) and Engle et al. (2006) tri-model approach, Ackert et al. (2008)
find contrasting results across country ETFs. The authors attribute this to
momentum, illiquidity and size effects. Due to taxes and obstacles to trade, the
creation and redemption process for country funds is more complex than a U.S
ETF. The offsetting effect is a reduction in liquidity leading to larger mispricing.
Examining the relationship between fund premium (mispricing) and market
liquidity leads to inconsistent results with the authors concluding that more active
trading leads to lower mispricing but only after a certain level of liquidity is

reached.

Advancing from Engle et al. (2006) with an alternate approach, Petajisto (2011)
also compares the difference between the ETF price and its NAV. Using a cross-
sectional average price for funds that track identical or nearly identical indices, the

study controls for the stale pricing in some underlying assets. The paper finds that
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international equities, international bonds and illiquid U.S. traded securities*® have
the highest premium volatilities. The results are attributed to limits to arbitrage and
the riskiness of the overall market environment. Petajisto (2011) also finds that the
cross-sectional differences in ETF premiums can be exploited through trading
strategies that lead to attractive profits (before transaction costs); representing a

large hidden cost for ETF investors.

4.2.2. ETF Inception

With ETFs rapidly rising in popularity it is vital to comprehend the impact they

have on various market factors.

As an ETF is designed to track a particular sector or index, it follows that its
introduction will have direct impacts on the underlying securities. While the bulk
of the ETF literature investigates the impact, ETFs have on various market
measures, Bae et al. (2012) explore the after-market effects on the underlying
securities. The study shows increases in systematic volatility, short interest, and
institutional ownership of their underlying stocks, specifically those of small firms.
The paper also finds that ETFs have a negative and significant effect on their
underlying stocks firm value, particularly for small firms. Surges in stock liquidity
and institutional ownership caused by the introduction of an ETF have a negative
valuation effect as they lead to a rise in short-selling activities by investors. This is
contrary to general positive impact that a rise in stock liquidity and institutional

ownership has on firm value.

38 Such as municipal bonds and high-yield bonds.
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Upon inception, ETF’s have been shown to tighten the spot-futures no-arbitrage
price relation (Park et al., 1995; Switzer et al., 2000; Kurov et al., 2002).
Traditionally, this is explained by Kurov et al. (2002) and Hegde et al. (2004) who
both argue that it is the increased arbitrage activity following the introduction of an
ETF that results in a tightening of the spot-futures-no-arbitrage price relation.
Using the Lyxor CAC 40, Deville et al. (2012) seeks to further elucidate this
finding. Similar to the aforementioned literature, a significant decrease in
mispricing frequency following the inception of an ETF is found. Deville et al.
(2012) fail to attribute the improvement to arbitrage trades or the liquidity
enhancements noted in index stocks. Improvements in spot-futures price efficiency
may be a result of a change in how index traders allocate amongst index markets,
with the ETF market attracting liquidity from hedgers and passive index traders

(Deville et al., 2012).

4.2.3. ETF Costs and Volatility

A primary concern for ETF investors is how closely their ETF tracks its required
index or sector. However, a survey conducted by Greenwich Associates (2011)
also reveal that 61% of institutional funds and 79% of asset managers name
liquidity as one of the top ETF selection criteria. Therefore, of pertinent interest to

ETF investors are the costs involved with ETF trading.

Borkovec et al. (2012) investigate the liquidity and cost characteristics of ETFs and
their underlying securities. Results are obtained from a selected group of ETFs that
track popular U.S. equity indices. The paper defines liquidity as “the ability to

transact quickly without exerting a material effect on prices”. Using the matching
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technique presented by Huang et al. (1996)*° to compare the characteristics of
ETFs and common stocks, the study finds that ETF liquidity is determined by the
liquidity of the wunderlying securities via the crucial creation/redemption
mechanism. Greater liquidity is noted in the ETF market where limit order books
are deeper, especially at price levels immediately surrounding the prevailing mid-

quote.

The study then simulates optimal, block trade scheduling and finds price impact
costs two to five times lower for ETFs when compared to the matched, control
sample. The authors argue that the unique arbitrage mechanism does not
completely eradicate the gap between secondary market costs and the basket costs
for large orders. The higher commissions involved with trading in a basket the

non-discretionary accumulation is given as viable explanations.

4.2.4. Market Maker Microstructure Theories

The primary role of a market maker is to provide immediacy for other investors by
supplying liquidity. Market makers are often employed but at any particular
moment in time, the number of market participants actively seeking to buy or sell

can be quite small (Desmetz, 1968; Garbade et al., 1982).

The intricacy of real-world capital markets often leads to stylised assumptions
when developing market microstructure models. Market participants are generally
considered to be rational, economic agents; they take actions to maximize their

own expected utility. To facilitate the analysis of classical market maker theories, a

3% For each ETF, 5 stocks are selected that come closest to the ETF in terms of median daily dollar
volume, price, historical volatility and spread.
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simplistic trading mechanism is formed. Market maker behaviour is examined in
an environment where they have no information and must maintain two-way
quotes. Assuming that the market structure is quote-driven limits the usefulness
when applying the models to order-driven and hybrid market structure where
traders can submit limit orders. Trade size is also considered to be a constant unit;
a significant generalisation as it implies that market maker activity is captured

entirely by the revision of bid and ask quotes.

A Walrasian market (or “call market”) exists when simultaneous orders are
collected and a clearing price is set so that the total demand of the good equals the
total supply. Blume et al. (1990) state that Walrasian depiction assumes there will
not be any friction in the exchange process. However, the tendency for temporary
order-flow imbalances to arise is an inherent component of any continuous auction
market. Classical market maker theories explicitly consider the asynchronous
nature of order flow in the sense that traders arrive sequentially, leading to a timing
problem*’. Desmetz (1968) states that this time component of trading hinders
market makers as they are exposed to risks associated with stochastic order flow.
O’Hara (1995) notes two main patterns in the literature: inventory holding and

adverse selection, both reflecting a component of market maker risk*!.

Inventory holding risk refers to the price risk faced by market makers when
holding a security. Garman (1976) constructs a setting where the only source of

uncertainty due to the random influx of buy and sell orders. Market makers are

40 Engle and Russell (1998) identify the complex issue of arrival times as a point process. This is not
typically considered in the market marker literature.

41 Manaster and Mann (1996) state that models for inventory holding and adverse selection risk
consider each risk in isolation rather than determining the combined effect.
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assumed to set a bid and ask quote once at # = 0 and are shown to fail in the long
term if the quotes are set independently of their inventory levels*’. Hence

continuous price consideration is crucial when monitoring inventory levels.

The inventory holding literature consists of studies such as Amihud et al. (1980),
Ho et al. (1983) and Biais (1993) that have attempted to solve the pricing problem
within different settings. It is generally accepted that market makers with undesired
short (long) positions will increase (reduce) their bid and ask quotes, enticing
public investors to sell (buy) the security. This suggests that rather than a
stochastic process, inventory positions will display strong mean reversion and
inventory cycles will tend to be short* (Manaster et al., 1996). This quoting
behaviour also implies that market maker gross trading profits will be comprised
entirely of the bid-ask spread and that position-taking profits will be zero, on

average.

Adverse selection risk refers to the risk faced by market makers when dealing with
informed investors. Asymmetric information exists when some market participants
have more information about an asset than others. Adverse selection models rely
on this existence and class market participants into two categories: 1. Informed
investors that attempt to predict price movements and 2. Liquidity motivated
traders. As market makers are not considered to be informed investors, Bagehot
(1971) first postulated that market makers must earn a profit from liquidity traders

to offset losses to investors with more information.

42 This is known as the Gambler’s Ruin problem.
4 As market makers are considered to be informed, target inventory levels will be typically be
zero.
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This concept has since been modelled by studies such as Copeland et al. (1983),
Glosten et al. (1985) and Easley et al. (1987). In contrast with the inventory control
literature, a consistent theme among these studies is the prediction that average
market maker position-taking profits are negative. Furthermore, in a competitive
market maker environment where average gross trading profits are zero, these
position-taking losses will be equal to the liquidity earnings attained from the bid-
ask spread. Each of these models assumes market maker indifference with regard
to inventory levels. Intuitively, as the variability of position-taking profits is
dependent on the size of the position held (Easley et al., 1987), market maker
position-taking profits are more volatile than implied by the inventory control
hypothesis. A deeper review on the literature surrounding market maker

profitability is given in Section 4.2.6.

4.2.5. Trading Environment

A review of the extant literature does not provide a complete understanding of the
market quality effects of market makers in an order-drive LOB market. Intuitively,
if voluntary, exogenous market making was a lucrative activity*, traders
submitting limit orders would naturally assume these responsibilities. This is
consistent with Panayides (2007), with market making profits declining when
market quality is improved. That is, while market maker restrictions are necessary
for market makers to be effective, they are not sufficient. Therefore, it can be
argued that to improve market quality, market maker’s profits must not increase

following market maker mandate changes.

4 Qutside of any monetary inducements provided by the exchange.
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The viability of market makers is also dependent on the state of the market. The
literature offers contrasting perspectives on the requirement of market makers in
periods of market stress. The first perception contends that market participants are
incapable of seeing through adverse market conditions without an exogenous
liquidity supply. In an environment with large order imbalances and high adverse
selection levels, market participants will be disinclined to use a passive quote
submission approach as this represents a free option to other traders (Copeland et
al., 1983). Consequently, the price discovery process is restricted due to the lack of

liquidity, leading to the need of market maker intervention.

Studies such as Black (1971), Stoll (1988) and Bloomfield et al. (2005) offer the
converse perspective and maintain that financial markets can operate efficiently
without designated market makers. This view largely stems from assessing the
hybrid NYSE structure in which a specialist functions and focuses on the adverse
consequences of price stabilization regulations. Widening the scope, Glosten
(1994) finds that under extreme periods of adverse selection, order-driven LOB
markets offer equilibrating levels of liquidity. This leads him to state that the
substantial resources used to incentivise exogenous market making are

misallocated.

The necessity of market making is also related to the characteristic of the traded
asset. Market making is more suitable if the bid-ask spread reflects levels of
information asymmetry rather than other components such as inventory costs. To
this point, the bid-ask spread for thinly-traded securities would represent higher

levels of inventory costs (Desmetz, 1968). Therefore, on the ASX’s market, where
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ETF’s are traded relatively infrequently, it may be socially optimal for the bid-ask
spread to be wide. Empirical studies such as Tse et al. (2004), Eldor et al. (2006),
Anand et al. (2006) and Venkataraman et al. (2007) are more consistent in their

findings, commonly concluding that market makers enhance market quality.

Liquidity providers have a business agreement with Euronext to act as market
makers in the ETF market. These liquidity providers are vital in contributing to the
liquidity of the ETF market. Similarly, Menkveld et al. (2009) find that contracted
designated market makers on Euronext are vital in improving liquidity levels and
reducing the liquidity risk of small-cap stocks. Easley et al. (1996) and Gajewski et
al. (2007) also find that market makers are capable of attracting the least informed
traders and therefore the most profitable order flow of securities traded in hybrid

markets.

The contrasting evidence provided brings to question whether market maker
mandates have an economic role on the ASX’s ETF market. As mentioned in
Section 4.2.4, the primary role of a market maker is to provide immediacy for other
investors by supplying liquidity. The rebates, as specified in Section 4.1.2, have
been carefully designed to incentivise a continued market making presence on the
ASX’s ETF market. Quoting requirements have been stylised to the characteristics
of the corresponding ETFs in a boost to encourage trading activity. Consequently,

we develop the following hypotheses:

Hy: Spreads will decrease in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 1.
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H,: Spreads will decrease in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 2.

Hs;: Spreads will decrease in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 3.

H,: Spreads will decrease in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 4.

Hs: Spreads will decrease in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 5.

Hg: Depth will increase in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 1.

H;: Depth will increase in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 2.

Hg: Depth will increase in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 3.
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Hgy: Depth will increase in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 4.

Hyo: Depth will increase in the 12 months following the introduction of the ETF
market making scheme compared to the 12 months prior to the scheme for ETF’s

in Quoting Schedule 5.

4.2.6. Market Makers and Profitability

The empirical literature elicits two approaches when assessing market maker
profitability. One method, adopted by Huang et al. (1996b), is to assume the only
profits attained by market makers is the realised half-spread when supplying
liquidity. This approach is most pertinent to dealer markets where market makers
provide liquidity in every trade. Another method is to analyse the elements of gross

trader profits to deduce the behaviour and role of market makers.

Hasbrouck et al. (1993) apply a mark to market approach® of determining total
NYSE profitability in the context of specialists*®. Deconstructing specialist
profitability, they find that the principal source of profits is short horizon
information. Studies such as Brock et al. (1992) and Mclnish et al. (1995) highlight
the advantages specialists receive when they hold a near-monopoly on the market.

Specifically, Mclnish et al. (1995) recognise that their control of order flow allows

45 Hasbrouck and Sofianos (1993) apply spectral analysis. Spectral analysis is analysis in terms of a
spectrum of frequencies or related quantities. In this instance, the spectrum is time.
46 A specialist is a dealer representing a NYSE specialist firm. A specialist is a type of market maker.
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specialists to “hide” limit orders*’. Hasbrouck et al. (1993) conclude that the
majority of net gains arise from capturing the spread, however specialists are able
to derive position-taking profits through the aid of superior order-flow

information®®.

In contrast to the market-making provisions provided by designated market makers
or specialists at securities exchanges, market making at exchanges functioning as
open-outcry markets is achieved through market participants referred to as locals®.
Locals compete with one another for order flow through their bid and ask prices.
Unlike designated market makers, locals do not have an obligation to trade,
however the academic literature recognises that their behaviour mimics market

making (Silber, 1984; Kuserk et al., 1993).

Assessing local trading behaviour on the Chicago Mercantile Exchange (CME),
Manaster et al. (1992) find that like the NYSE specialist, locals realise profits
through favourable price movements. Using the Fishman et al. (1992)
methodology to decompose gross profits, they determine that 67% of local income
is attained through position-taking gains. Like Hasbrouck et al. (1993), this finding
is accredited to the advantages provided to locals when accessing order-flow.
Consistent results are also found on the Sydney Futures Exchange (SFE).
Interestingly, Frino et al. (2010 a) find that these position-taking gains are
associated with lower levels of information; implying that locals are able to assess

market movements from the trading floor. As the position-taking gains are also

47 NYSE specialists were replaced with Designated Market Makers on the NYSE in 2008. Designated
Market Makers were given no order-flow information advantages.

8 These findings are later substantiated by Harris and Panchapagesan (2005), who state that when
transacting on the NYSE, intermediaries use information to their advantage.

4 They are also referred to as scalpers.
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associated with greater trade frequency and volatility, the findings of Frino et al.

(2010 a) further authenticate the order-flow information theory.

Contrary to classical market maker models, the overriding theme from the
empirical evidence suggests that market makers are not passive liquidity providers.
This has led to theoretical studies such as Madhavan et al. (1993) and Cao et al.
(2006) considering market makers as informed, active traders. In observing this
deviation from market maker models, it is important to note that traditional market
maker theory is subject to the assumption of a dealer-driven market. The above
theoretical studies are centred on order-driven or hybrid trading platforms. Order-
driven and hybrid markets differ from dealer-driven markets in that public traders
may also supply liquidity, therefore conclusions drawn from market maker models

may not be applicable to order-driven markets (Madhavan et al., 1998).

It is also crucial that we consider the market making environment when
comprehending market maker behaviour. Intuitively, the nature of the market
maker mandate plays an imperative role in any outcomes achieved. Understanding
this relationship is challenging as it is tricky to evaluate different market maker
responsibilities across exchanges. Panayides (2007) tackle this issue by assessing
NYSE specialist profitability in periods where participation is voluntary and
compulsory. Specifically, Panayides (2007) study specialist profitability during
periods where they are constrained by the obligation to provide liquidity under the
Price Continuity rule®® and in periods where they are not. The importance of the

mandate is highlighted when specialists are shown to make net losses in periods

%0 The Price Continuity rule requires specialists to “smooth” trade prices by providing extra
liquidity when necessary to keep trade price changes small.
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where the Price Continuity rule is enforced but are more than reimbursed when it is
not, a result that is consistent with theoretical conclusions presented in Dutta et al.
(1997). The results suggest that market making mandates may enhance market
quality, but inflict considerable costs on the specialist; an important concern for

exchanges to ensure the practicality of market makers.

Given that the market making scheme imposes more stringent liquidity
requirements, we anticipate that market maker liquidity profits will increase
following the implementation of the scheme. Consequently, we develop the

following hypothesis:

Hq,: Market maker liquidity profits will increase in the 12 months following the
introduction of the ETF market making scheme compared to the 12 months prior to

the scheme.

Jarnecic et al. (2008) provide evidence that ASX option market makers realise
positive position-taking profits. We anticipate that a more continuous market
presence will allow market makers to further anticipate permanent price shifts to

attain position-taking profits. We therefore develop the following hypothesis:

H,,: Market maker position-taking profits will decline in the 12 months following
the introduction of the ETF market making scheme compared to the 12 months

prior to the scheme.
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4.3. Methodology

4.3.1. Sample and Data Sources

The sample period is chosen to be 1 August 2009 to 31 July 2011 (504 trading
days) to cover the period around the introduction of the ETF Market Maker
Scheme by the ASX. The sample is divided into a pre-scheme period of 1 August
2009 to 31 July 2010 (252 trading days) and a post-scheme period of 1 August
2010 to 31 July 2011 (252 trading days). A minimum requirement of 10 trades per
day over the entire sample period resulted in a final sample of 14 equity ETFs>!.
The distribution of the ETFs and their corresponding quoting schedule is reported

in Table 4-1.

Table 4- 1: ETF Sample Split by Quoting Schedule

This table presents the 14 sample ETFs and their corresponding Quoting Schedule.

Quoting Quoting Quoting Quoting Quoting
Schedule 1 Schedule 2 Schedule 3 Schedule 4 Schedule 5
3 ETFs 3 ETFs 5 ETFs 1 ETF 1 ETF

Quote and trade data is sourced from both the Securities Industry Research Centre
of Asia-Pacific and the Thomson Reuters Tick History database. Order book data
from SIRCA contains broker identifications, enabling us to track the activities of
each market maker. The following fields were obtained from the order book
request: instrument, date, time, record type, price, volume, value, trade direction,

buyer broker ID and seller broker, bid-price, ask-price, bid-size and ask-size.

51 The sample was selected from a total of 51 equity ETFs.
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Combining the two datasets enables us to match the prevailing best bid and ask
with each quote and trade. Rebate payment information is not available; however,
the data allows us to determine how often market makers were meeting their

quoting requirements therefore the ASX rebate payment can be calculated.

4.3.2. Liquidity

To measure the efficiency of the ETF market, we focus on liquidity. The emphasis
on the bid-ask spreads as the primary metric for liquidity and a lack of focus on
other dimensions typified many early studies. Pascal et al. (2004) note that this
one-dimensional emphasis stemmed from microstructure models that assume
trades are of a similar size and therefore do not consider depth. As liquidity
incorporates both dimensions of spreads and depth, a change in liquidity cannot be
identified by spreads alone (Lee et al., 1993). Harris (2003) identifies immediacy,
width, depth and resiliency as four dimensions of liquidity. In this chapter, the
primary focus is on width and depth. Width refers to the cost of trading at a given
size, measured by the bid-ask spread, while depth refers to the size of a trade that

can be arranged at a given cost.

As detailed in Section 4.2, market maker requirements are determined for each
quoting schedule. Quoting schedules can be viewed as liquidity categories and as a
result, rather than performing statistical tests across all ETFs simultaneously,
liquidity analysis is conducted within each of the five quoting schedules. The time-
weighted proportional bid-ask spread measures the cost of trading. We use the
time-weighted proportional bid-ask spread given in Chapter 3, Section 3.3. To

48



measure depth, we determine the daily time-weighted best depth also shown in

Chapter 3, Section 3.3.

Other supplementary metrics, including volume, turnover, spread volatility and
price volatility, are measured for each trading day. Volume is the number of shares
traded, while turnover is the dollar amount of trading. Spread volatility is the
variance of TWS, ;. Price volatility is computed by the ratio of the day’s highest

price divided by the lowest price.

For each of the liquidity measures, the mean, median, standard deviation, skewness
and kurtosis are estimated. The non-parametric Wilcoxon rank-sum test is used to
compare the two periods. The Wilcoxon rank-sum technique tests for differences
in the underlying distribution between the two periods. This non-parametric test
has been chosen as it is impossible for any of our liquidity measures to be negative
and therefore a normal distribution cannot be assumed as positive skewness is
likely to be exhibited. Furthermore, Campbell et al. (1997) state that microstructure

data is likely to show strong excess kurtosis due to the regularity of outliers.

Using data for the entire sample period, the following regression models are

estimated:

Ln(TWSt,q) = Bo+ PiD: + B2 ln(Volumet,q) + (3 ln(Volatilityt’q) +

BsTime? + & (4.1)
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Ln(TWDt,q) = Lo+ P1D: + B2 ln(Volumet,q) + [3 ln(Volatilityt,q) +

By IN(TWS, ) + BsTime? + &, . 4.2)
Log-log regressions are used to obtain residuals that are approximately
symmetrically distributed around zero. The regressions are estimated using the
Generalized Method of Moments (GMM) technique. To adjust for serial

correlation, the Parzen Kernel suggested by Gallant (1987) is used.

The primary variable of interest D, is a dummy variable that assumes the value of
0 if day ¢ is during the pre-scheme period and 1 for the post-scheme period.
Volume,, refers to the total volume traded on day 7 in the ETFs grouped in
quoting schedule ¢. This variable has been included due to the empirical findings
by Hausman (1978) and others that volume is related to the bid-ask spread. Thus
Volatility. , represents the volatility of the ETFs in quoting schedule g on day .
As the Australian ETF market is a growing market, we include the variable Time?

to control for any expected liquidity enhancements over time.

Since both the bid-ask spread and depth are used to measure liquidity, the variables
explained in the paragraph above are also used as control variables when
examining the depth measure. The variable TWS,, refers to the time-weighted

proportional bid-ask spread for the ETFs in quoting schedule ¢ on day .

4.3.3. Profitability

Market maker profitability is examined during the rebate period following Frino et

al. (2010 a). Market maker profits are split into two components: a static liquidity
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component and a dynamic position-taking component. For a consistent unit of

observation, income is measured and analysed for each trading day.

Market makers earn liquidity profits by setting a spread. Investors often pay a
premium for immediacy: the difference between the trade price and the
fundamental value of the underlying asset. Although the trade price is observed in
our data, a proxy for the fundamental value must be determined. The most
consistent approach in the prior literature® is to use the midpoint of the prevailing
bid-ask spread. This proxy is intuitively appealing®® and presents an unbiased
reflection of trader valuations. Glosten et al. (1985) also present a model where the
price that would prevail if all investors had the same information as market makers
is straddled within the bid-ask spread. As a result, this chapter adopts the same
approach. Following this, when supplying liquidity, the market maker’s revenue is
determined by the difference between the trade price®* and the midpoint. Investors
therefore cross the bid-ask spread and incur a cost equal to half the bid-ask spread
when demanding liquidity. Incorporating the quantity of the underlying asset
traded, the daily liquidity profits realised by the market maker M in ETF e across N

trades on day ¢ is:

LPyte= XiL1(Q: X D; X (X; — P)), (4.3)

52 Glosten (1987), Stoll (1989) and Frino et al. (2010 a) are examples of papers that have used the
midpoint of the prevailing bid-ask spread as a proxy for the fundamental value of the underlying
asset.
53 Given that the average cost of a round-trip transaction is the bid-ask spread, it follows that the
cost of liquidity for any initiated trade is half the spread.
4 The direction of the difference depends on whether the market maker is making a purchase or
sale.
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where Q; represents the number of ETFs bought or sold by M in trade i. D; equals 1
if M purchased e and — 1 if M sold e. Finally, X; is the midpoint of the prevailing

best bid and ask P; is the trade price.

Total liquidity profits are:

TLP, =X LPy e - (4.4)

To make position-taking gains, traders must first be demanders of liquidity.
Position-taking profits are earned when there is a change in the fundamental value
of the asset. The “true” price of the underlying asset is again proxied by the mid-
point of the prevailing bid-ask spread. This approach is consistent with the
methodology employed in Hasbrouck et al. (1993) where long (short) inventory
positions yield positive position-taking profits whenever the midpoint increases
(decreases). Again, in determining position-taking profits, the quantity of the
underlying asset traded must be considered. Position-taking profits are determined

for each transaction in a round trip as follows:

PPyre=211(Qi XD X (Xe— PB)), (4.5)

where X, is the prevailing mid-point at the end of the inventory cycle while P is

the prevailing mid-point at the start of the inventory cycle.
Total position-taking profits are:

TPP, =Y PPy . . (4.6)
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Position-taking profits can only be realised when inventory positions are closed
out. If an inventory cycle is incomplete at the end of a trading day, the remaining
open positions are marked to market using the midpoint (X,) of the bid and ask
quotes prevailing at the end of the day. This approach is unlikely to have a major
impact on our analysis as Kuserk et al. (1993, 1994) document that both scalpers
and day traders are unlikely to hold positions overnight. If positions are held

overnight, they are typically small.

We refer to the entire net gains made by market makers as total profit. Total
profitability per market maker (TP ) is therefore a summation of liquidity and

position-taking profits:

TPy=LPyte= Z%V=1(Qi XDy X (X;— P;)) +PPyte= IiV=1(Qi XD X (X, —

Fs)). 4.7)
Total profitability is calculated as:
TP =Y. TPy. (4.8)

This expression of total market maker profitability simplifies to the expression
derived by Fishman et al. (1992). The measure of total market maker profitability
in this study is also consistent with the approach outlined in Hasbrouck et al.

(1993).

To measure profitability, both components of profitability and interactions between
liquidity and position-taking profits are measured in the pre-scheme and post-

scheme periods. The earlier univariate tests used for liquidity are also conducted.
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Univariate analysis is carried out for total liquidity and position-taking profits

across our sample of ETFs to explicitly capture overall profits.

Multivariate analysis is undertaken for profitability over the entire period. The

following regression models are estimated:

TLP, = By + B1D; + By In(Volume,,) + Bs In(Volatility,,) +
By In(TWS, ) + Bs(TPP) + &

(4.9)

TPP; = Lo+ B1D: + B2 ln(Volumet,q) + B3 ln(Volatilityt,q) +

B.(TLP)+ ¢, . (4.10)

We apply the same GMM methodology used in the liquidity analysis. Again, D; is

our primary variable of interest.

The width of the bid-ask spread is likely to influence the liquidity behaviour of
market makers. Therefore, the control variable TWS,, has been included for

liquidity profits and not position-taking profits.

4.4. Results

4.4.1. Liquidity

The liquidity descriptive statistics for pre-scheme and post-scheme periods are
reported in Table 4-2. As mentioned in Section 4.3, liquidity results are presented

for each quoting schedule subsample. A reduction in TWS; joccurs for quoting
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schedules one, two, three and five. By far, the greatest improvement in spreads is
the 37% drop in quoting schedule one. Like TWS, ,, improvements in TWD, , are
shown in all quoting schedules barring quoting schedule four. A rise of 69% in
quoting schedule three presents the greatest improvement in depth. An increase in
turnover occurs across all five quoting schedules, however the mean daily volume
has decreased for quoting schedule one. Spread volatility is very small for all
quoting schedules and changes do not exhibit any clear patterns. Price volatility
has decreased for all five quoting schedules. Looking at distributional properties,
all sub-samples show positive skewness and are leptokurtic, a typical characteristic

of microstructure data (Campbell et al., 1997)
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Table 4- 2: Liquidity- Descriptive Statistics

This table provides summary statistics of liquidity measures during the pre-scheme and post-scheme periods for ETFs in each of the quoting schedules. 7W5 refers
to the daily time-weighted proportional spread. TWD refers to the daily time-weighted depth at the best bid and ask. Turnover refers to total daily turnover. Volume
refers to the daily total number of ETFs traded. Spread volatility refers to the daily volatility of the bid-ask spread. Price volatility denotes the daily volatility of ETF

prices.

Mean Median Standard Deviation Skewness Kurtosis

Quoting Schedule 1 Pre Post Pre Post Pre Post Pre Post Pre Post
TWS,, 0.19% 0.12% 0.18% 0.10% 0.06% 0.08% 1.47 10.77 3.68 144.41

TWDy¢ 4 $579,736 $843,507 $595,876 852378 $160,620 $202,822 0.03 0.17 0.01 0.18

$

Turnover, q $491,343 $553.237 $269.544 366,995 $599.752 $621,544 2.96 2.01 11.49 4.64

Volume, 4 7269 6673 3919 4043 9190 8291 3.07 2.44 12.63 7.30
Spread Volatility; 4 0.000 0.000 0.000 0.000 0.000 0.000 8.84 11.36 83.40 142.04
Volatility; 4 1.011 1.008 1.009 1.007 0.007 0.004 2.19 2.66 7.14 13.08

Quoting Schedule 2

TWS.q4 0.46% 0.39% 0.43% 0.30% 0.16% 0.35% 1.94 4.92 5.08 27.25

TWD¢ 4 $166,070 $246,745 $157,221 $224,894 $45,019 $87,724 0.48 1.10 -0.13 0.46
Turnoverg 4 $76,988 $140,788 $58,310 $86,623 $69,057 $184,289 1.71 3.78 3.04 17.17
Volume, 4 1477 2526 1101 1595 1404 2958 1.92 3.21 3.99 12.76
Spread Volatility, , 0.001 0.001 0.000 0.000 0.013 0.004 15.54 8.17 244 .49 78.86
Volatility, q 1.010 1.008 1.009 1.007 0.006 0.003 5.13 1.53 49.00 427
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Quoting Schedule 3

TWS,,
TWD,,

Turnover 4

Volume ,
Spread Volatility, ,
Volatility, q

Quoting Schedule 4

TWS,,
TWD,

Turnover 4

Volume, ,
Spread Volatility, ,
Volatility; 4

Quoting Schedule 5

TWS,,
TWD,
Turnover 4

0.64%
$180,217

$147,129
3546
0.000
1.012

0.74%
$202,370

$370,913
2959
0.000
1.009

0.94%
$89,917
$81,843

0.58%
$333,743

$254,393
7082
0.001
1.010

0.81%
$175,542

$527,959
4209
0.000
1.008

0.74%
$217,011
$101,090

0.60%
$171,671

$129,724
3018
0.000
1.010

0.75%
$198,488

$145,664
1158
0.000
1.007

0.78%
$75,767
$55,396

0.53%
$327,709

$158,213
3949
0.000
1.009

0.79%
$177,110

$278,972
2243
0.000
1.007

0.59%
$96,755
$59,110

0.18%
$42.,469

$91,273
2505
0.001
0.006

0.23%
$67,794

§779,012
6206
0.000
0.008

0.63%
$57,401
$92,386

0.20%
$94,614

$282,588
12147
0.003
0.005

0.36%
$77,741

$729,291
5765
0.003
0.007

0.66%
$202,568
$144,278

3.27
0.70

1.53
2.53
3.59
1.91

-0.04
0.41

6.48
6.45
8.46
4.89

2.73
2.79
3.94

2.73
0.69

2.73
7.85
6.61
2.29

2.74
1.45

2.95
2.86
13.63
2.32

5.36
1.08
4.03

21.65
0.34

3.20
10.69
13.24
6.53

-0.41
0.05

53.82
53.15
83.23
42.67

10.08
9.71
28.42

10.29
0.93

8.23
84.78
51.35

8.07

13.53
5.95

12.50

11.61
198.58

8.94

36.80
-0.09
23.14
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Volume 4 1693 2146 1101 1226 1954 3171 4.13 4.21 30.95 25.04
Spread Volatility, 4 0.007 0.004 0.001 0.001 0.040 0.015 12.77 8.29 181.92 78.90
Volatility, q 1.014 1.008 1.011 1.006 0.014 0.009 3.05 3.01 13.25 13.30
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Table 4-3 presents the Wilcoxon rank-sum test results for our five liquidity
subsamples. The most consistent statistical change is the decreased volatility in
share price. A reduction in price volatility occurs in all five of the quoting
schedules and is consistent with the summary statistics presented in Table 4-2.
Other compelling evidence of improvements in liquidity are the reduction in
spreads and increased depth, our primary liquidity metrics, in all but one of the
quoting schedules. As Table 4-2 shows, improvements in spreads and depth do not
occur for the ETFs in quoting schedule four in our post-scheme period. Consistent
with Table 4-2, the greatest bid-ask spread and depth improvements occur in
quoting schedules one and three respectively. There appears to be no adverse
effects for turnover and volume, with improvements occurring in quoting

schedules two, three and four.
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Table 4- 3: Non-Parametric Univariate Analysis of Liquidity

This table presents the results of the non-parametric univariate analysis of liquidity. Statistics refer
to the Z score for the Wilcoxon rank-sum U Statistic testing for different underlying distributions
between the pre-scheme and post-scheme periods for the ETFs in each of the five quoting
schedules. The ASX divides all ETFs into five quoting schedules determined by their liquidity
characteristics. ***, ** and * represent significance at the 1%, 5% and 10% level respectively.
TWS; 4 refers to the daily time-weighted proportional spread. TWD,, refers to the daily time-
weighted depth at the best bid and ask. Turnover;, refers to total daily turnover. Volume; ,
refers to the daily total number of ETFs traded. Spread Volatility, q refers to the daily volatility
of the bid-ask spread. Volatility, , denotes the daily volatility of ETF prices.

Daily Quoting Quoting Quoting Quoting Quoting
Schedule 1 Schedule 2 Schedule 3 Schedule 4 Schedule 5
Statistic Statistic Statistic Statistic Statistic
TWS, -14.823%**  _11.863*** -5.826%** 1.648* -6.049%**
TWD¢q 13.422%%%* 11.798%*** 17.251%%* 421 7*%* 7.067***
Turnover, -0.619 5.324%*%* 4.235%*%* 2.272%* 0.359
Volume, 4 1.335 5.268%** 5.094%** 2.297** 0.495
Spread Volatility,,  -9.283%%* 2.145%* 8.810%** 6.758%** -0.57
Volatility; 4 -4.898*** -5.669%** -3.23 %% -1.878* -7.850%**

These findings demonstrate significant liquidity enhancements in the year
subsequent to the introduction of the ETF Market Making Scheme. The liquidity
improvements are accompanied by consistent changes in actual trading outcomes,
indicating that the scheme has been successful in improving quoting behaviour as

well as affecting trading activity.

The GMM regression results associated with Equation (4.1) for each of the five
quoting schedules are reported in Table 4-4. The period dummy variable D, reveals

that TWS, 4 significantly decreases from the pre-scheme period to the post-scheme
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period in four of the five quoting schedules at the 1% level. Therefore, we fail to
reject H;, H,, H3 and H, and reject Hs. The improvement is greatest in quoting
schedule four, with a reduction of 32% as a result of the scheme. Time-related

spread improvements are noted in quoting schedules one, four and five.

ln(Volumet‘q) is a statistically-significant negative determinant of TWS;, in

quoting schedule one only. ln(Volatilityt’q) is a positive determinant of TWS 4
across our sample at the 1% significance level. This result is consistent with the
information asymmetry models of Copeland et al. (1983) that predict wider spreads
for volatility and less frequently traded assets®™ as a result of higher adverse

selection risk.

55 Even with a minimum requirement of 10 trades per day over the entire sample period, many of
the ETFs are thinly traded.
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Table 4- 4: Regression Analysis for Time-Weighted Proportional Bid-Ask
Spread across Quoting Schedules

This table reports GMM regression results for the following model: Ln(TWSt,q) = fo+

B1D: + B> ln(Volumet’q) + B3 ln(Volatilityt’q) +[33Timef + &. The model is run for
quoting schedules one, two, three, four and five ETFs for the period 1 August 2009 to 31 July
2011. The ASX divides all ETFs into five quoting schedules determined by their liquidity
characteristics. The dependent variable is the time-weighted proportional bid-ask spread,
Ln(TWS; ). D.takes on a value of zero for the pre-scheme period and one for the post-scheme
period. Ln(Volume, ) is the natural logarithm of daily volume. Ln(Volatility; q) is the natural
logarithm of daily price volatility. Time? is a quadratic time variable. Test statistics are
reported in brackets under the coefficients for each independent variable. ***, ** and * represent
significance at the 1%, 5% and 10% level respectively.

Quoting Schedule
Variable One Two Three Four Five
Intercept -6.18]*** -5.543%%* S5.129%%% 5 1 54% %% -5.138***
(-75.57) (-48.26) (-45.53) (-37.10) (-63.86)
Dy -0.28 ] *** -0.188*** -0.083%** -0.320%** -0.035
(-5.31) (-3.11) (-2.07) (-3.65) (-0.50)
Ln(Volumeyq) -0.032%%* -0.006 -0.016 0.019 -0.006
(-3.45) (-0.37) (-1.14) (0.97) (-0.64)
Ln(Volatility, ) 11.964%** 17.317%** 14.682%**  11.027*** 18.984%**
(4.85) (4.83) (7.15) (5.00) (6.51)
Time,;2 -0.000%** -0.000 0.000 -0.000%** -0.000%**
(-4.02) (-0.86) (0.21) (-1.95) (-2.58)
Adjusted R? 0.401 0.154 0.121 0.105 0.145

Table 4-5 presents the GMM regression results associated with Equation (4.2) for
each of the five quoting schedules. The coefficient on D; indicates improvements
in TWD, , from the pre-scheme period to the post-scheme period in two of the five
quoting schedules at the 1% level. Therefore, we fail to reject Hg and H, and reject
Hg, Hy and H,,. The improvement is greatest in quoting schedule one, with an

increase of 27% as a result of the scheme. The coefficient for In(TWS,,) is
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negative and significant quoting schedules one, three and four. ln(Volumeth) has

a positive and significant impact on TWD, , for quoting schedules two, three and

four and 5.

Table 4- 5: Regression Analysis for Time-Weighted Depth across Quoting
Schedules

This table reports GMM regression results for the following model: Ln(TWDt‘q) = Bo+ B1D: +

B, In(Volume, ;) + PBsin(Volatility, ;) + By In(TWS, ) + BSTimeg + & . The model is run
for quoting schedules one, two, three, four and five ETFs for the period 1 August 2009 to 31 July
2011. The ASX divide all ETFs into five quoting schedules determined by their liquidity
characteristics. The dependent variable is the time-weighted depth, Ln(TW D, 4). D, takes on a value
of zero for the pre-scheme period and one for the post-scheme period. Ln(Volume; ) is the natural
logarithm of daily volume. Ln(Volatility;,) is the natural logarithm of daily price volatility.
Ln(TWS.4) is the natural logarithm of the daily time-weighted bid-ask spread. Time? is a
quadratic time variable. Test statistics are reported in brackets under the coefficients for each
independent variable. ***, ** and * represent significance at the 1%, 5% and 10% level respectively.

Quoting Schedule
Variable One Two Three Four Five
Intercept 12.672%%*  11.704***  10.852%**  Q 43%*** 14 (33***
(46.25) (0.60) (45.62) (31.49) (45.72)
Dy 0.270%** 0.028 0.210%***  .0.837***  .(0.244%**
(5.38) (0.60) (5.61) (-8.26) (-3.20)
Ln(Volumeq) 0.001 0.044 %% 0.030** 0.074%**  _(0.034%**
(0.12) (3.53) (2.22) (3.33) (-3.12)
Ln(Volatility, ) -4.796%* -1.002 -3.324% 1.080 -3.385
(-2.06) (-0.36) (-1.66) (0.43) (-1.01)
Ln(TWS.4) -0.092%* 0.013 -0.190%** (. ]154%%* 0.452
(2.17) (0.37) (-4.56) (-2.92) (7.55)
Timet2 0.000 0.0007%** 0.000***  0.000%** 0.000
(1.52) (8.35) (11.47) (16.10) (0.54)
Adjusted R? 0.330 0.390 0.678 0.454 0.210
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The results for quoting schedule four five indicate a decrease in depth due to the
market making scheme. This is somewhat surprising result as spread enhancements
are observed in quoting schedule 4. The quantity quoting requirements become less
stringent in the latter quoting schedules, however the results of Table 4-5 suggest
that the depth quoting requirements for quoting schedules 4 and 5 may be too high

to for scheme participants to consistently make a market in these ETF’s.

Overall, the ETF Market Making Scheme demonstrates an improvement in the
efficiency of the ETF market, notably through consistent decreases in spreads and
increases in depth for certain ETF’s. These changes are one aspect of the market
makers’ activities on the ASX with the other side being trading for their own
accounts that may also have been affected by the scheme. Changes in this area

would be observable in profitability calculations.

4.4.2. Profitability

Table 4-6 presents descriptive statistics relating to the profitability of all market
makers trading in our sample of ETFs in the year subsequent to the ETF Market
Making Scheme. A similar table has been constructed for both the entire period
and pre-scheme period can be found in Appendix 4.1. Panel A reports that market
makers are often achieving profits, with close to three quarters of trading days

resulting in positive total profit.
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Table 4- 6: Total Market Maker Profitability: Descriptive Statistics (Post-
Scheme)

This table reports descriptive statistics relating to the total profitability of all market
makers for our sample of ETFs. They are reported for trading that takes place for the
period 1 August 2010 to 30 July 2011. The ratio of positive to negative days in Panel
A is computed by dividing the number of days with positive total profits, by the
number of days with negative total profits. Total market maker profit in Panel B is
attained by summing the total profit derived across all days for the sample period.
Panel C outlines the distribution of total market maker profitability each day. Panel C
also reports a sign and Wilcoxon rank that examines whether the distribution is
centred around zero. The respective p-values for these tests are the probabilities of a
greater absolute value for the centred statistic. The t-statistics test examines whether
the mean is significantly different to zero.

Panel A: Distribution of total market maker profitability across all days

Days with positive total profit 73.81%
Days with negative total profit 26.19%
Days with zero total profit 0.00%
Ratio: Positive: Negative days 2.818
Panel B: Total market maker profitability across all days (sum of all days)

Total market maker profit $547370.18
Panel C: Total market maker profitability per day

Median 1857.238
Mean 2172.104
25th percentile -113.543
75th percentile 3565.875
Std Dev. 10401
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 3.315
Number of days 252

There are two measures of liquidity that we examine in this chapter. Table 4-7
reports market maker’s liquidity profits in the year subsequent to the scheme. The
same table for both the entire period and pre-scheme period can be found in
Appendix 4.2. Panel A of Table 4-7(a) reports that market makers are net suppliers
of liquidity. Panel B also illustrates that that total liquidity profits are positive for
the sample period. Therefore, market makers obtain income from supplying

liquidity. Negative liquidity profits occur 17% of the time, indicating that market
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makers are passive in their trading activity. These findings are similar to Silber
(1984) who found that his representative scalper supplied liquidity in 77% of all

transactions.
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Table 4- 7: (a) Market Maker Liquidity Profits: Descriptive Statistics
and (b) Market Maker Position-Taking Profits: Descriptive Statistics (Post-
Scheme)

(a) This table reports descriptive statistics for market maker liquidity profits over the period 1
August 2010 to 31 July 2011, for the ETFs in our sample. Panel A outlines the frequency of
days with positive and negative liquidity profits, as well as the ratio of profitable to unprofitable
liquidity profit days. Panel B computes the total liquidity profitability across all days over the
period. It is also expressed as a % of total summed market maker profitability. Panel C outlines
the per day ETF liquidity profits for all market maker days. Panel C reports a sign and
Wilcoxon sign rank that examines whether the distribution is centred around zero. The
respective p-values for these tests are the probabilities of a greater absolute value for the centred
statistic. The t-statistic test examines whether the mean is significantly different to zero.

(b) This table reports descriptive statistics for market maker position-taking profitability over 1
August 2010 to 31 July 2011. Panel A outlines the frequency of cycles with positive and
negative position-taking profitability, as well as the ratio of profitable to unprofitable days.
Panel B computes the total position-taking profitability across all days over the period. It is also
expressed as a percentage of total summed market maker profitability. Panel C outlines the per
day ETF position-taking profits for all days. Panel C reports a sign and Wilcoxon sign rank that
examines whether the distribution is centred around zero. The respective p-values for these tests
are the probabilities of a greater absolute value for the centred statistic. The t-statistic test
examines whether the mean is significantly different to zero.

(a)

Panel A: Distribution of market maker liquidity profits across all days

Days with positive liquidity profits 82.94%
Days with negative liquidity profits 17.06%
Days with zero liquidity profits 0.00%
Ratio: Positive: Negative days 4.862
Panel B: Total market maker liquidity profitability across all days (sum of all days)

Total liquidity profit $331345.31
Percentage of total profit 61%
Panel C: Market maker liquidity profitability per day

Median 1130.236
Mean 1314.862
25th percentile 459.298
75th percentile 2231.415
Std Dev. 4799
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 4.349
Number of days 252
(b)

Panel A: Distribution of market maker position-taking profits across all days

Days with positive position-taking profits 59.92%
Days with negative position-taking profits 40.08%
Days with zero position-taking profits 0.00%
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Ratio: Positive: Negative days 1.495
Panel B: Total market maker position-taking profitability across all days (sum of all days)

Total position-taking profit $216024.87
Percentage of total profit 39%
Panel C: Market maker position-taking profitability per day

Median 680.958
Mean 857.2416
25th percentile -1526.945
75th percentile 2627.783
Std Dev. 10650
p-value (sign test) 0.002
p-value (sign rank test) 0.0164
t-stat (mean = 0) 1.278
Number of days 252

Table 4-7(b) provides descriptive statistics for market maker position-taking
profitability across all days in the sample period. Similar to liquidity profits,
market makers experience more days with positive position-taking profits than
days with negative position-taking profits. Only accounting for 39% of total
profitability, position-taking profits are not as large as liquidity profits. Therefore,
liquidity profits make up a greater proportion of total profits in the period

subsequent to the scheme.

Panel C of Table 4-7(a) and Table 4-7(b) indicate that the mean profit is
significantly greater than zero at the 1% level. Similarly, the median profits for
each day are significantly greater than zero at the 5% level. These results show that

the distribution of daily profits is not significantly different.

The relationship between the market maker’s liquidity and position-taking profits
is reported in Table 4-8. Similar tables for both the entire period and pre-scheme

period can be found in Appendix 4.3. Panel A of Table 4-8 provides an insight into
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the relative distribution of position-taking profits when market makers realise
liquidity losses (relatively active traders). Market makers obtain position-taking
profits far more often than losses when they are net demanders of liquidity.
Specifically, market makers make position-taking profits 74.42% of the days when
they demand liquidity and 59.64% of the time when they supply liquidity.
Therefore, consistent with Manaster et al. (1996), market makers are willing to
forego their contractual duties to realise position-taking profits when they have
information regarding the direction of a price movement. Table 4-8, Panel B,
reports that when market makers are net suppliers of liquidity, they are less

successful in predicting future price movements.
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Table 4- 8: Interaction between Market Maker Liquidity and Position-Taking
Profitability (Post-Scheme)

This table partitions market maker daily liquidity profits into two states: negative and
positive liquidity profitability. For both of these states of liquidity profits, this table
reports descriptive statistics for daily “round-trip” position-taking profitability. This
analysis is conducted for all ETFs in our sample from 1 August 2010 to 31 July
2011. Position-taking profits for each day are calculated as the movement in the mid-
point of the bid-ask quotes between when an inventory position is opened and closed.
Liquidity profits in each inventory cycle are calculated as the difference between the
transaction price and the quote midpoints. The ratio of positive to negative days is
computed by dividing the number of days with positive position-taking income by
the number of days with negative position-taking profitability.

Panel A: Days with negative liquidity profits

Days with

Positive position-taking profits 74.42%
Negative position-taking profits 25.58%
Zero position-taking profits 0.00%
Ratio: Positive: Negative days 2.909
Number of days 43
Panel B: Days with positive liquidity profits

Days with

Positive position-taking profits 59.64%
Negative position-taking profits 43.06%
Zero position-taking profits 0.00%
Ratio: Positive: Negative days 1.385
Number of days 209

Table 4-9 presents Wilcoxon signed rank-sum tests for both liquidity profits and
position-taking profits. The results show that both daily liquidity and position-

taking profits do not significantly change after the implementation of the scheme.
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Table 4- 9: Non-Parametric Univariate Tests of Market Maker Profits

This table presents the non-parametric univariate tests of market maker profits. Statistic refers to the Z
score for the Wilcoxon signed rank-sum U Statistic testing for different underlying distributions between
the pre-change and post-change periods for total daily profits, daily liquidity profits and daily position-
taking profits. The p-value is the corresponding two-tail p-value for the given Z score. *** ** and *
represent significance at the 1%, 5% and 10% level, respectively.

Total Daily Profits Daily Liquidity Profits Daily Position-Taking Profits
Statistic p-value Statistic p-value Statistic p-value
902 0.437 520 0.655 1002 0.388

The GMM regression results associated with Equation (4.9) and Equation (4.10)
are reported in Table 4-10. As univariate results in Table 4-8 suggest, the
coefficient on D, indicates there is no change in TLP; or TPP; from the pre-scheme
period to the post-scheme period. We also find that ln(Volatilityt,q) has a
positive effect on TLP, at the 10% level. In addition, TPP, and TLP; have an
inverse relationship, with liquidity profits influencing position-taking profits at a
greater magnitude. This result is consistent with the relationship noted by
Copeland et al. (1983) and reaffirms the conclusions drawn from the descriptive

statistics.
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Table 4- 10: Regression Analysis for Liquidity and Position-Taking Profits

This table reports GMM regression (3) and (4) results for the dependent variables TLP; and
TPP; for the period 1 August 2009 to 31 July 2011. D; refers takes on a value of zero for the
pre-rebate period and one for the post-rebate period. Ln(Volume, q) is the natural logarithm
of daily volume. Ln(Volatility, ;) is the natural logarithm of daily price volatility.
Ln(TWS, ) is the natural logarithm of the mean daily bid-ask spread. Position-Taking
Profit and Liquidity Profit are the sum earned daily by the market makers for all ETFs in
our sample. Test statistics are reported in brackets under the coefficients for each
independent variable. ***, ** and * represent significance at the 1%, 5% and 10% level
respectively.

Dependent Variable
Variable TLP; TPP;
Intercept -12630.600 -5689.340
(-1.4) (-0.66)
Dy 90.986 525.576
-0.22 -0.53
Ln(Volume, q) -61.552 578.748
(-0.21) -0.65
Ln(Volatility, ) 142162.300%* 250059.700
-1.89 -1.09
Ln(TWS4) -2503.26
(-1.48)
TPP; -0.108*
(-1.76)
TLP; -0.628%**
(-3.37)
Adjusted R? 0.0915 0.0714

Our results indicate that market makers are net suppliers of liquidity and are
therefore fulfilling their mandated duties. In the year following the scheme,
liquidity profits are greater than position-taking profits. However, the position-
taking gains made on days where liquidity losses are realised and the significant
inverse relationship noted between liquidity and position-taking gains strongly

imply that market makers would rather make further gains at the sacrifice of their
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obligated duties. With no change in profitability after the introduction of the
scheme, we fail to reject H;; and Hy, and can also state that the efficiency
enhancements found in Section 6.4.1 are not at the expense of other investors. As
market maker profits, did not decline, it becomes clear that the scheme is beneficial

for market quality (Panayides, 2007).

4.5. Conclusion

This chapter examines the market quality and profitability effects of the
introduction of the Market Making Scheme on the ETF market on the ASX. Our
study examines how market liquidity and efficiency are affected as well as how
market maker profitability is impacted and how the incentives of the scheme are

related to the market effects.

Market makers are found to be net suppliers of liquidity however we discover that
large position-taking gains are often realised on days with liquidity losses. The
inverse relationship between liquidity and position-taking profits consistent with
the empirical findings in other markets, such by Copeland et al. (1983) and Mann
(1996) who study the US equity market. We report significant improvements in
both spreads and depth after the introduction of the scheme that are accompanied
by consistent changes in actual trading outcomes. Further multivariate analysis

supports that profitability does not change after the introduction after the scheme.

Cekauskas et al. (2012) poses the structure of market makers’ agreements and
compensation is a determinant of their effects on market quality. They suggest that

market makers are more likely to improve the quality of exchange markets when
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they enter agreements with issuers and firms and not when they are mandated by
an exchange. This may be due to stronger liquidity requirements imposed by firms
or because companies may only employ market makers when they are likely to
increase firm value®®. Consistent with studies such as Nimalendran et al. (2003),
Venkataraman et al. (2007) and Anand et al. (2009), our results show market
efficiency enhancements following market making arrangements with the

exchange.

Our findings have a number of implications. Market makers are often satisfying
their contractual duties by supplying liquidity. However, market makers are willing
to use their superior order-flow information to make position-taking gains and this
behaviour may be in conflict with their obligation to provide liquidity under the
scheme. The aforementioned improvements signify that the rebates have been
successful in enhancing the efficiency of the ETF market and that this has not

occurred at the expense of other investors as profitability remains unchanged.

%6 This is not necessarily the case when an exchange imposes market making conditions across
firms.
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Appendix — Chapter 4

Appendix 4.1

Table A4- 1: Total Market Maker Profitability: Descriptive Statistics (Total
Period)

This table reports descriptive statistics relating to the total profitability of all market makers for our
sample of ETFs. They are reported for trading that takes place for the period 1 August 2009 to 31 July
2011. The ratio of positive to negative days in Panel A is computed by dividing the number of days
with positive total profits, by the number of days with negative total profits. Total market maker profit
in Panel B is attained by summing the total profit derived across all days for the sample period. Panel C
outlines the distribution of total market maker profitability each day. Panel C reports a sign and
Wilcoxon rank that examines whether the distribution is centred around zero. The respective p-values
for these tests are the probabilities of a greater absolute value for the centred statistic. The t-statistics
test examines whether the mean is significantly different to zero.

Panel A: Distribution of total market maker profitability across all days

Days with positive total profit 74%
Days with negative total profit 26%
Days with zero total profit 0%
Ratio: Positive: Negative days 2.818
Panel B: Total market maker profitability across all days (sum of all days)

Total market maker profit $1087670.99
Panel C: Total market maker profitability per day

Median 1922.918
Mean 2158.077
25th percentile -183.738
75th percentile 4197.108
Std Dev. 9060
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 5.347
Number of days 504
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Table A4- 2: Total Market Maker Profitability: Descriptive Statistics (Pre-
Period)

This table reports descriptive statistics relating to the total profitability of all market makers for our
sample of ETFs. They are reported for trading that takes place for the period 1 August 2009 to 31 July
2010. The ratio of positive to negative days in Panel A is computed by dividing the number of days
with positive total profits, by the number of days with negative total profits. Total market maker profit
in Panel B is attained by summing the total profit derived across all days for the period. Panel C
outlines the distribution of total market maker profitability each day. Panel C reports a sign and
Wilcoxon rank that examines whether the distribution is centred around zero. The respective p-values
for these tests are the probabilities of a greater absolute value for the centred statistic. The t-statistics
test examines whether the mean is significantly different to zero.

Panel A: Distribution of total market maker profitability across all days

Days with positive total profit 73.81%
Days with negative total profit 26.19%
Days with zero total profit 0.00%
Ratio: Positive: Negative days 2.818
Panel B: Total market maker profitability across all days (sum of all days)

Total market maker profit $540300.81
Panel C: Total market maker profitability per day

Median 1987.684
Mean 2144.051
25th percentile -247.125
75th percentile 5034.590
Std Dev. 7504
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 4.536
Number of days 252
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Appendix 4.2

Table A4-3: (a) Market Maker Liquidity Profits: Descriptive Statistics
and (b) Market Maker Position-Taking Profits: Descriptive Statistics (Total
Period)

(a) This table reports descriptive statistics for market maker liquidity profits over the period
1 August 2009 to 31 July 2011, for the ETFs in our sample. Panel A outlines the frequency
of days with positive and negative liquidity profits, as well as the ratio of profitable to
unprofitable liquidity profit days. Panel B computes the total liquidity profitability across all
days over the period. It is also expressed as a % of total summed market maker profitability.
Panel C outlines the per day ETF liquidity profits for all market maker days. Panel C reports
a sign and Wilcoxon sign rank that examines whether the distribution is centred around zero.
The respective p-values for these tests are the probabilities of a greater absolute value for the
centred statistic. The t-statistic test examines whether the mean is significantly different to
Zero.

(b) This table reports descriptive statistics for market maker position-taking profitability
over 1 August 2009 to 31 July 2011. Panel A outlines the frequency of cycles with positive
and negative position-taking profitability, as well as the ratio of profitable to unprofitable
days. Panel B computes the total position-taking profitability across all days over the period.
It is also expressed as a percentage of total summed market maker profitability. Panel C
outlines the per day ETF position-taking profits for all days. Panel C reports a sign and
Wilcoxon sign rank that examines whether the distribution is centred around zero. The
respective p-values for these tests are the probabilities of a greater absolute value for the
centred statistic. The t-statistic test examines whether the mean is significantly different to
Zero.

(a)

Panel A: Distribution of market maker liquidity profits across all days

Days with positive liquidity profits 82%
Days with negative liquidity profits 18%
Days with zero liquidity profits 0%
Ratio: Positive: Negative days 4.599
Panel B: Total market maker liquidity profitability across all days (sum of all days)

Total liquidity profit $652520.78
Percentage of total profit 60%
Panel C: Market maker liquidity profitability per day

Median 48.035
Mean 88.670
25th percentile 6.930
75th percentile 157.360
Std Dev. 992.568
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 7.663
Number of days 504
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(b)

Panel A: Distribution of market maker position-taking profits across all days

Days with positive position-taking profits 61%
Days with negative position-taking profits 39%
Days with zero position-taking profits 0%
Ratio: Positive: Negative days 1.564
Panel B: Total market maker position-taking profitability across all days (sum of all days)
Total position-taking profit $435150.21
Percentage of total profit 40%
Panel C: Market maker position-taking profitability per day

Median 6.900
Mean 59.130
25th percentile -52.450
75th percentile 137.226
Std Dev. 2304
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 2.201
Number of days 504
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Table A4- 4: (a) Market Maker Liquidity Profits: Descriptive Statistics
and (b) Market Maker Position-Taking Profits: Descriptive Statistics (Pre-
Period)

(a) This table reports descriptive statistics for market maker liquidity profits over the period 1
August 2009 to 31 July 2010, for the ETFs in our sample. Panel A outlines the frequency of days
with positive and negative liquidity profits, as well as the ratio of profitable to unprofitable liquidity
profit days. Panel B computes the total liquidity profitability across all days over the period. It is also
expressed as a % of total summed market maker profitability. Panel C outlines the per day ETF
liquidity profits for all market maker days. Panel C reports a sign and Wilcoxon sign rank that
examines whether the distribution is centred around zero. The respective p-values for these tests are
the probabilities of a greater absolute value for the centred statistic. The t-statistic test examines
whether the mean is significantly different to zero.

(b) This table reports descriptive statistics for market maker position-taking profitability over 1
August 2009 to 31 July 2010. Panel A outlines the frequency of cycles with positive and negative
position-taking profitability, as well as the ratio of profitable to unprofitable days. Panel B computes
the total position-taking profitability across all days over the period. It is also expressed as a
percentage of total summed market maker profitability. Panel C outlines the per day ETF position-
taking profits for all days. Panel C reports a sign and Wilcoxon sign rank that examines whether the
distribution is centred around zero. The respective p-values for these tests are the probabilities of a
greater absolute value for the centred statistic. The t-statistic test examines whether the mean is
significantly different to zero.

(a)

Panel A: Distribution of market maker liquidity profits across all days

Days with positive liquidity profits 81.35%
Days with negative liquidity profits 18.65%
Days with zero liquidity profits 0.00%
Ratio: Positive: Negative days 4.362
Panel B: Total market maker liquidity profitability across all days (sum of all days)

Total liquidity profit $321175.47
Percentage of total profit 59%
Panel C: Market maker liquidity profitability per day

Median 1307.467
Mean 1274.506
25th percentile 388.622
75th percentile 2315.562
Std Dev. 2436
p-value (sign test) <0.0001
p-value (sign rank test) <0.0001
t-stat (mean = 0) 8.305
Number of days 252
(b)

Panel A: Distribution of market maker position-taking profits across all days

Days with positive position-taking profits 61.51%
Days with negative position-taking profits 38.49%
Days with zero position-taking profits 0.00%
Ratio: Positive: Negative days 1.598
Panel B: Total market maker position-taking profitability across all days (sum of all days)

Total position-taking profit $219125.34
Percentage of total profit 41%
Panel C: Market maker position-taking profitability per day 1084.459
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Median

Mean

25th percentile

75th percentile

Std Dev.

p-value (sign test)
p-value (sign rank test)
t-stat (mean = 0)
Number of days

869.545
-1744.720
3899.700
7574
0.0003
0.0011
1.822

252
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Appendix 4.3

Table A4- 5 Interaction between Market Maker Liquidity and Position-
Taking Profitability (Total Period)

This table partitions market maker daily liquidity profits into two states: negative and
positive liquidity profitability. For both of these states of liquidity profits, this table
reports descriptive statistics for daily “round-trip” position-taking profitability. This
analysis is conducted for all ETFs in our sample from 1 August 2009 to 31 July
2011. Position-taking profits for each day are calculated as the movement in the mid-
point of the bid-ask quotes between when an inventory position is opened and closed.
Liquidity profits in each inventory cycle are calculated as the difference between the
transaction price and the quote midpoints. The ratio of positive to negative days is
computed by dividing the number of days with positive position-taking income by
the number of days with negative position-taking profitability.

Panel A: Days with negative liquidity profits

Days with

Positive position-taking profits 73%
Negative position-taking profits 27%
Zero position-taking profits 0%
Ratio: Positive: Negative days 2.750
Number of days 90
Panel B: Days with positive liquidity profits

Days with

Positive position-taking profits 59%
Negative position-taking profits 42%
Zero position-taking profits 0
Ratio: Positive: Negative days 1.379
Number of days 414

81



Table A4- 6: Interaction between Market Maker Liquidity and Position-
Taking Profitability (Pre-Period)

This table partitions market maker daily liquidity profits into two states: negative and
positive liquidity profitability. For both of these states of liquidity profits, this table
reports descriptive statistics for daily “round-trip” position-taking profitability. This
analysis is conducted for all ETFs in our sample from 1 August 2009 to 31 July
2010. Position-taking profits for each day are calculated as the movement in the mid-
point of the bid-ask quotes between when an inventory position is opened and closed.
Liquidity profits in each inventory cycle are calculated as the difference between the
transaction price and the quote midpoints. The ratio of positive to negative days is
computed by dividing the number of days with positive position-taking income by
the number of days with negative position-taking profitability.

Panel A: Days with negative liquidity profits

Days with

Positive position-taking profits 72%
Negative position-taking profits 28%
Zero position-taking profits 0%
Ratio: Positive: Negative days 2.615
Number of days 47
Panel B: Days with positive liquidity profits

Days with

Positive position-taking profits 59.02
Negative position-taking profits 40.98
Zero position-taking profits 0
Ratio: Positive: Negative days 1.440
Number of days 205
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Chapter 5: Conclusions

The stated objectives of most market regulators are to ensure the fair and efficient
operation of capital markets. In this dissertation, we focus upon the latter
regulatory objective. We define market efficiency as minimising transaction costs
while maximising price discovery and assess the efficiency effects of three ASX
market design initiatives: broker anonymity, the Equity Research Scheme and the

Exchange Traded Fund (ETF) Market Making Scheme

5.1. Summary of Findings

The first essay examines the effect of the broker anonymity rule on trading
patterns. Prior to the introduction of broker anonymity, Frino et al. (2010 b)
determine that the market attributes greater information to successive same-
direction trades when a single broker initiates these trades rather than by different
brokers. Therefore, broker identities convey information. Using the constituents of
the All Ords, the evidence shows that the identity of the broker involved in two
consecutive trades conveys information to the market prior to the introduction of
anonymity. This is consistent with Frino et al. (2010 b) and is true both in isolation
and when considered as a conditional variable when interpreting two same-
direction, sequential trades. Using information not available to the market at the
time of trading about broker identity, we find that market participants no longer
attribute greater information content to successive uni-directional trades by a single
broker compared to successive uni-directional trades by different brokers following
the introduction of anonymity. Subsequent to the introduction of anonymity, we
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also find that trades in the medium and large size categories no longer convey

incremental information®” as the need for stealth trading is reduced.

The second essay assesses the market efficiency effects of the Equity Research
Scheme. Financial analysts use their expertise to gather and interpret information
and thereby attempt to reduce the level of asymmetric information. As more
information is released to the market, market participants become more confident
about the ‘true’ value of the asset. Consistent with the expectations developed by
the existing literature, we find that the ERS is responsible for more informed
security prices with ERS stocks more informationally efficient in the 6 months
following the initiation report. If information asymmetry is reduced and security
prices are more efficient, investors are more likely to trade. We also find that the
ERS improved both the price and size-dimensions of market liquidity in the
selected stocks. Hence, the evidence highlight the importance of the role financial
analyst reports do play a role in providing new information to the market and

stimulating trading activity.

The literature on analyst coverage and stock prices suggest that analysts do have
predictive ability, evidenced by the positive price reaction following the release of
a report. In addition to enhanced informational efficiency and liquidity, we
document positive CAR’s in the two weeks subsequent to the analyst report.
Comparing to the matched, control sample, the ERS stocks experience greater
CARs over two week, three month and six month intervals. Asset prices adapt

accordingly to the release of new information provided by financial analysts,

57 As found in Frino et al. (2010 a)
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highlighting the importance financial analysts for efficient pricing in capital

markets.

The third essay examines the liquidity and profitability effects of the ETF Marker
Making Scheme. Market makers are found to be net suppliers of liquidity however
we discover that large position-taking gains are often realised on days with
liquidity losses. The inverse relationship between liquidity and position-taking
profits is consistent with the empirical findings in other markets, such by Copeland
et al. (1983) and Manaster Mann (1999) who study the US equity market. We
report significant improvements in both spreads and depth after the introduction of
the scheme that are accompanied by consistent changes in actual trading outcomes.
Further analysis shows that profitability does not change after the introduction after

the scheme.

5.2. Concluding Remarks

Frino et al. (2010 b) poses trading environments that allow market-order traders to
remain anonymous are likely to reduce the speed of adjustment to private
information. On the whole, our results support this verdict however our findings
also suggest that anonymous markets lower the likelihood of ‘front-running’ and
‘piggybacking’” which may in turn reduce the chance of over-extending the price
discovery process, an additional advantage to the enhanced liquidity identified by

Comerton-Forde et al. (2009).

Following anonymity, stock prices do not adequately adjust to order flow.

Therefore, informed investors can greater profit from their informational
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advantage. As these profits are attained at the expense of uninformed investors, the
question must be asked if liquidity has improved to society at large. Supplementary
to Comerton-Forde et al. (2009), a more complete picture is presented when

assessing the market quality impact of broker anonymity on the ASX.

In view of the inherent importance of the information structure of financial
markets, the results of the second essay highlight the value of financial analysts in
providing reliable and useful information to market participants. Given the
downward trend of analyst coverage and the ASX’s mandate to ensure a fair and
efficient capital market, strategies such as the ERS could go a long way in ensuring
that market participants have a more homogenous level of access to information.
The ASX should therefore maintain the ERS and consider extending such schemes
to other assets, particularly those that are susceptible to high information
asymmetry. More broadly, exchanges and market regulators worldwide should
consider implementing similar policies, primarily due to the decreasing trend of
analyst coverage. Such schemes would not only be beneficial market quality, but
they may also encourage increased order flow by international investors that are
currently concerned that they are disadvantaged relative to better-informed local

investors.

As shown, reducing the levels of information asymmetry is inherent to the
informational efficiency of stock prices. When this adverse selection risk is
lowered, investors are more likely to trade; resulting in the documented liquidity
improvements in the first two essays. The third essay highlights the value of

market makers in incentivizing market participants to trade. As the number of
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participants actively seeking to buy or sell at any particular moment in time can be
quite small (Desmetz, 1968; Garbade et al., 1982), investors — with, or without
information — may face a large cost for immediacy. Market makers, when
incentivised through outcome-based rebates, often satisfy their contractual duties
by supplying liquidity, allowing these participants to trade. This leads to increased
trading outcomes, enhancing the efficiency of the ASX’s ETF market. The ASX
should continue the arrangement and look to apply similar, incentive-based

schemes to other markets and products where investor participation is low.

Collectively, market design and incentivizing market participants is crucial to

market efficiency and competitiveness.
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